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Abstract
Gene regulation lies at the heart of most biological processes and transcription factors
are the key molecules that control tissues specific gene expression. In higher eukary-
otes transcription factors control gene expression by binding regulatory DNA segments
called cis-regulatory modules (CRMs). The increasing number of sequenced genomes
of multicellular eukaryotes along with high-throughput methods such as whole genome
microarray expression data, allows for systematic characterization of the CRMs that
control gene expression. A first step towards understanding gene regulation is the iden-
tification of the regulatory elements present in the genome.
We take advantage of the large database of spatio-temporal patterns of gene ex-
pression in D. melanogaster embryogenesis to identify sets of developmentally co-
expressed genes. We developed a computational method that identifies DNA binding
sites for transcription factors from families of co-regulated genes that are expressed
during Drosophila embryo development. This method discovers over-represented mo-
tifs in a set of co-regulated genes using the exhaustive motif enumeration technique.
Clustering the predicted motifs identifies the CRMs, which assist in translating a com-
binatorial code of TF inputs into a specific gene expression output. The predicted CRMs
were verified experimentally by searching the whole genome for the predicted CRMs
and establishing expression pattern of the genes that are associated with these CRMs.
It is well know that the gene expression is substantially controlled through CRMs
and those key regulatory sequences are conserved in related species. The conservation
of CRMs can be studied by comparing the related genomes and alignment methods are
widely used computational tools for comparing the sequences. However, in distantly
related species the CRM sequences are simply not align able. To identify the similar
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CRMs in distantly related species we developed a non-alignment based method for dis-
covering similar CRMs in related species. This method is based on word frequencies
where the given sequences are compared using Poisson based metric. When starting
with a set of CRMs involved in Drosophila early embryo development, we show here
that our non-alignment method successfully detects similar CRMs in distantly related
species ( D. ananassae, D. pseudoobscura, D. willisoni, D. mojavensis, D. virilis, D.
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Transcriptional regulation is about controlling how often a given gene is transcribed.
Understanding the mechanisms that regulate gene expression is a major challenge in
biology. Identifying regulatory elements, especially the binding sites in DNA for tran-
scription factors is a major task in this challenge. Regulatory elements are short DNA
sequences that determine the timing and level of gene expression (Pennacchio and Ru-
bin, 2001). A transcription factor (TF) is a protein that binds to DNA in a sequence-
specific manner to regulate transcription (Lee and Young, 2000). TFs come in two
flavors: specific and general. Specific TFs regulate only certain genes. General TFs
are required for transcription initiation in all eukaryotic genes (Orphanides et al., 1996).
They assemble as part of the transcription initiation complex and then dissociate after
transcription begins. Transcription factors regulate the gene expression by activating or
inhibiting the transcription machinery (Gill, 2001). The assembly of general TFs that
are required for transcription by RNA polymerase II which is located in the upstream
region of gene X and the enhancers are shown in Figure (1.1.1).
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Figure 1.1.1. General TFs. RNA polymerase and its co-factors located in the upstream
region of gene X. Enhancer regions are found at a distance from the Transcription start
site either at 5’ or 3’ sides of the gene X.
Transcription factor binding site (TFBS) discovery in DNA sequences is one of the
most challenging problems in molecular biology and computer science. In its simplest
form, the problem can be formulated as follows: given a set of co-regulated genes, find
an unknown pattern that occurs frequently (Wasserman and Fickett, 1998). If m letters
long pattern appears in every sequence, a simple enumeration of all m-letter patterns
that appear in the sequences gives the solution. However, when one works with DNA
sequences, it is not that simple because patterns are degenerate i.e mutations, insertions
or deletions of nucleotides occur within TFBSs (Mirny and Gelfand, 2002). In bacteria,
the TFBSs are almost always located close to the transcription start site (ie less than ∼
200 bp) (Thieffry et al., 1998). In eukaryotes, the TFBSs tend to occur farther away
from the transcription start site than in prokaryotes (Bulyk, 2003).
TFBSs are short sequence segments (∼ 10 bp) located near transcription start sites
(TSSs) and are recognized by sequence specific TFs for gene regulation. There are
many ways of representing the TFBS, and the choice of a particular representation is
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often determined by considerations such as simplicity, interpretability, representational
power, or computational convenience (Stormo, 2000). The simplest way of represent-
ing a motif is by using a consensus sequence of preferred nucleotides (A,T,G and C).
A motif is then simply a short word embedded in a longer DNA sequence. Degen-
eracy in the binding specificity of a protein can be incorporated using the ambiguity
codes (Wray, 2007). Another widely used motif model is the position weight matrix
(PWM). In this formulation, the motif is represented as a matrix of nucleotide scores
indexed by letter and position. In a PWM, the nucleotide observed at a particular po-
sition in the motif is assumed to be independent of the nucleotides observed at other
positions. A closely related approach models a motif as a matrix of nuclotide prob-
abilities, where each position is represented using a multinomial distribution over the
observed nucleotide. Motifs represented in this manner can be visualized conveniently
using sequence logos (Schneider and Stephens, 1990). A sequence logo consists of an
ordered stack of letters, where a letter‘s height indicates the information it contains at
that position, for instance the sequence logo of GATA motif is shown in figure (1.1.2)
Figure 1.1.2. Sequence logo of GATA motif. X-axis represents the position of each letter
and Y-axis represents the height of each letter which indicates the conservation of the letter
in that position.
In higher eukaryotes transcriptional regulation is combinatorial in nature: the ex-
pression level of a gene is determined by an interplay among several TFs, whose bind-
ing sites are organized in a modular fashion along a gene’s promoter (Yuh et al., 1998).
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A regulatory element is a sequence segment that contains several spatially clustered TF-
BSs, whose corresponding TFs cooperate in the regulation the downstream gene. The
cluster of TFBSs can be ‘Homotypic‘ (that is multiple sites for the same TF) or ‘Het-
erotypic‘ (combination of different TFs). The set of distinct TFBSs that make up a
regulatory element is called a “Cis-regulatory module“ (CRM). CRMs can be located
in upstream, downstream or in the introns of the gene that it regulates (Shown in figure
(1.1.3)). In figure (1.1.3), the non-coding sequence fragment that contains the CRM is
shown in (B). An example homotypic (red) and heterotypic (green and black) binding
sites are shown in (B). As indicated in (C), the sequence fragment that contains the
TFBSs is called CRM.
Several experimental methods have been developed for studying TFBSs. Nitrocellulose-
binding assay (Woodbury and von Hippel, 1983), electrophoretic mobility shift assay
(EMSA) (Garner and Revzin, 1981), enzyme-linked immunosorbent assay (ELISA)
(Choo and Klug, 1993), DNase 1 footprinting (Galas and Schmitz, 1978), DNA-protein
crosslinking (DPC) (Molnar et al., 1995), and reporter constructs (Hanes and Brent,
1991) are examples of in vitro techniques that are used for determining DNA binding
sites and analyzing the difference in binding specificity for different protein-DNA com-
plexes. They are all currently in use, but suffer from major drawbacks: most of them are
not suited for high-throughput experiments and information on optimal vs. suboptimal
protein binding sites is lost.
Chromatin immunoprecipitation (ChIP) is a recent microarray-based assay devel-
oped for genome-wide determination of protein binding sites on DNA (Ren et al., 2000).
Systemic evolution of ligands by exponential enrichment (SELEX) (Choo and Klug,
1994a) and Phage Display (PD) (Choo and Klug, 1994b) represent another type of ex-
periments and offer a high-throughput possibility to select high-affinity binders, DNA
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and protein targets respectively. Both SELEX and PD suffer from the same drawback,
the fact that the multitude of sequences obtained from these experiments are all good
binders, but it is hard to say anything about their relative affinities.
Figure 1.1.3. CRMs - Cis-Regulatory Modules. A) CRMs responsible for the regulation
of gene X can be located in the upstream, downstream or introns of the gene. B) The
non-coding sequence that has multiple TFBSs. Homotypic type is indicated in red color
and Heterotypic type is shown in green and black color. C) The sequence fragment that



















There is X-ray crystallographic and NMR spectroscopic data providing a base for
studying the structural details of protein-DNA interactions. Protein-DNA complexes
have successfully been co-crystallized (Kim and Burley, 1994), and the data has been
deposited into the Protein Data Bank (PDB) and Nucleic Acid Database (NDB). Each
complex is a 3D representation of all intermolecular interactions participating in protein-
DNA recognition, however, the experiments are very time-consuming.
Several different computational approaches for predicting TFBSs have been ex-
plored, which has lead to considerable progress during recent years. The different
computational techniques for TFBSs discovery in sequence data are discussed in the
following section.
1.2 Computational approaches for predicting
regulatory elements
The TFBS discovery problem can be formulated in several ways, but the most common
formulation is as follow: we have a set of DNA sequences that are believed, a priori, to
be co-regulated and thus likely to be bound by one or more regulatory proteins. Micro-
array and in situ hybridization are the experimental methods used to determine the gene
expression patterns, and represent the source of co-regualted gene information. Micro-
array experiment provides a quantitative overview of changes in expression levels over
developmental time (or) between different experimental conditions. In multi-cellular
organisms, the cell division and differentiation leads to an increase in tissue complexity
throughout development, but whole-animal microarray analysis cannot document the
spatial information. In contrast, in situ hybridization method provides the patterns of
gene-expression with spatial and temporal information. Several different computational
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approaches for predicting TFBSs have been explored (Leung et al., 2005; Djordjevic
et al., 2003; Bulyk et al., 2002; Zhou and Liu, 2004; Eskin and Pevzner, 2002; Zhu
et al., 2002). The computational methods can be divided into two main categories, i)
Motif search method and ii) Motif prediction method.
i) Motif search method - Motif search method can be used to check if a set of
co-regulated gene sequences contain a know TFBS, where the TF and its binding site
information are experimentally determined (Bailey and Gribskov, 1998). For a set of
co-regulated genes with known TFBSs, one would use the motif search methods like
“Cis-analyst“, “MAST“ to detect matches of TFs. Cis-analyst allowed searches of the
D. melanogaster genome for high-density clusters of predicted binding-sites for any
combination of transcription factors with known binding specificity. MAST is a tool
for searching sequence databases for sequences that contain one or more of a group of
known motifs. Obviously, one cannot use this motif search method to discover a novel
or unannotated motif that is suspected to be a common feature in a given sequence set.
ii) Motif prediction method - Motif prediction method can be used to discover the
TFBSs when the TFs and their binding site information are not known for a set of co-
regulated genes. Although these methods have been very successful for bacterial and
yeast genomes (Roth et al., 1998), they have met with limited success in eukaryotes
genomes. The main difficulties with in-silico TFBS predictions in higher eukaryotes
include the increased volume of the sequence search space, with proximal TFBSs oc-
curring a few kilobases away from the Transcription Start Sites (TSSs); the increased
occurrence of low-complexity repeats; the increased complexity of combinatorial con-
trol; and shorter and more degenerate TFBSs.
The motif discovery methods take on a variety of forms, but often involve devel-
opment of a probabilistic model of the observed sequence data and optimization to find
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motifs common to all input sequences (Hertz and Stormo, 1999; Hertz et al., 1990). Any
number of optimization techniques may be used to search the observed sequence data
(Lawrence et al., 1993; Bailey and Elkan, 1995). An overview of computational motif
discovery method is shown in figure (1.2.1) and the algorithms are discussed in the next
section.
Figure 1.2.1. Computational motif discovery methods. The co-regulated genes (input data)
are obtained from either micro-array or in situ experiment. TFBSs can be detected using
two different motif discovery methods i) Motif search ii) Motif prediction. Motif search
methods can be used when the TFBSs are known but the position are not known, this
method provides the matches of the known TFBS as a output. When the TFBSs and posi-
tion information are not known the motif prediction methods can be used for identifying
novel as well as new instances of already known motifs.
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1.2.1 De novo motif prediction
The de novo motif discovery method typically begins with a group of putatively co-
regulated genes without knowledge of the TFBSs (Xing et al., 2004). These co-regulated
sets are often obtained by using clustering to identify genes that share a functional cat-
egory or are co-expressed under a number of different experimental conditions. Given
a set of DNA sequences (promoter region), the motif finding problem is the task of de-
tecting over-represented motifs as well as conserved motifs from orthologous sequences
that are good candidates for being transcription factor binding sites. A large number of
algorithms for finding DNA motifs have been developed. Frequently used algorithms
to perform this search are the Expectation-maximization (EM) algorithm (Lawrence
and Reilly, 1990), Gibbs sampling (Roth et al., 1998) and Word-based algorithms (van
Helden et al., 1998).
The EM algorithm is a general approach for maximizing a likelihood function with
hidden variables. EM consists of two steps: in the E-step, the expected likelihood of
the observed sequence data is calculated based on the current setting of the parame-
ters, and in the M-step, the parameters are updated to maximize the expected-likelihood
functions. EM is a local optimization procedure that is guaranteed to monotonically
improve the expected likelihood, but it is sensitive to its initialization point and is there-
fore not guaranteed to converge to the global maximum. Multiple restarts improve the
chances of finding biologically relevant motifs that may not necessarily correspond to
the global maximum.
Gibbs sampling is a general technique for performing probabilistic inference. Like
EM, it is well suited to problems such as motif discovery with incomplete informa-
tion. However, unlike EM, it is an undirected and global search over a parameterized
distribution. In the context of motif discovery, Gibbs sampling involves drawing ran-
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dom samples of the hidden variable (typically motif location) from a distribution. The
parameters are re-estimated based on the randomly generated samples, and then sam-
pling is repeated. The global nature of the Gibbs sampling search comes at significant
computational cost, and the algorithm may have to be run for many iterations to obtain
adequate representations of the complicated likelihood surfaces typically encountered
in motif discovery.
Word-based algorithm starts with given a set of sequences, it does an enumerative
search among all motifs that match the specified characteristics, scoring each motif for
its significance, and outputs the top several motifs, sorted by their significance. The
significance of a motif is measured by counting the number of occurrences in the input
sequences.
Most of these algorithms are designed to deduce motifs by considering the regula-
tory region (promoter) of several coregulated genes from a single genome. It is assumed
that coexpression of genes arises mainly from similar transcriptional regulation. As
coregulated genes are known to share some similarities in their regulatory mechanism,
possibly at transcriptional level, their promoter regions might contain some common
motifs that are binding sites for transcription factors. A sensible approach to detect
these regulatory elements is to search for statistically over-represented motifs in the
promoter region of such a set of coexpressed genes. A statistically over-represented
motif means a motif that occurs more often than one would expect by chance. There-
fore, these algorithms search for overrepresented motifs in this collection of promoter
sequences. Most of these motif finding algorithms have been shown to work success-
fully in yeast and other lower organisms, however they perform significantly worse in
higher organisms. To overcome this difficulty recent motif finding algorithms are taking
advantage of cross-species genome comparison or phylogenetic footprinting.
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1.2.2 Phylogenetic footprinting method
Phylogenetic footprinting has been demonstrated to be a very useful tool that greatly
improves the prediction accuracy in the search of motifs (Wang and Stormo, 2003).
Transcription factor binding sites are important for ensuring proper control of gene ex-
pression, and therefore tend to be under selective pressure over evolutionary time. A
significant fraction of evolutionarily conserved noncoding DNA has been shown to cor-
respond to regions important for regulation. One approach to leveraging conservation
data is to identify blocks of sequence that are conserved across multiple species using
phylogenetic footpring. Phylogenetic footprinting is a general technique for identifying
conserved regions based on the evolutionary relationship among species (Tagle et al.,
1988). These conserved regions can then be used as inputs to standard motif discovery
tools and otherwise analyzed. By culling only the conserved sequence from the input
data, uninformative background DNA is eliminated, and an effective increase in sig-
nal to noise is achieved that facilitates the search for motifs. If we align the non-coding
regions of orthologous elements interspersed between the sufficiently evolutionarily dis-
tant, we should be able to detect the conserved regulatory elements between the truly
non-functional background sequences.
This approach is illustrated schematically in Figure (1.2.2), in which a hypothetical
human gene and its orthologs from mouse, rat and chimpanzee are shown together;
alignment of the orthologous sequences reveals conserved TFBSs that are present in
more than one species (Zhang and Gerstein, 2003).
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Figure 1.2.2. Using phylogenetic footprinting to detect conserved TFBSs. This schematic
diagram shows a hypothetical human gene aligned with its orthologs from three other
mammals. Cross-species sequence comparison reveals conserved TFBSs in each sequence.
Sequence motifs of the same shape (colored in green) represent binding-sites of the same
class of transcription factors. TFBS1 and TFBS4 are conserved in all four mammals;
TFBS3 represents a newly acquired, primate-specific binding site. TFBS2 and TFBS2’
represent orthologous regulatory sites that have diverged significantly between the primate
and rodent lineages. Blue rectangles represent TATA boxes.
Many motif discovery tools were developed that integrate the ability to use conser-
vation information directly in the motif search (Boffelli et al., 2003; Neph and Tompa,
2006; Zhang and Gerstein, 2003; Blanchette and Tompa, 2002). One approach gen-
erated a catalog of motifs with potential regulatory importance by determining, on a
genome-wide scale, which consensus is highly conserved across species (Blanchette
and Tompa, 2002). Highly conserved motifs were validated by determining their over-
representation among groups of co-regulated genes. Many programs use an explicit,
probabilistic model of evolution to relate orthologous sequences, and search for motifs
using EM or a random sampling approach. Other programs, while not explicitly model-
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ing the evolutionary relationship between orthologous sequences, bias the motif search
to highly conserved regions. Performance of phylogenetic footprinting depends on the
evolutionary distance between given species and on the conservation level of individual
regulatory regions.
A number of alignment methods (discussed in section (1.2.3)) have been used to
identify the conservation of the regulatory regions (Kellis et al., 2003; Cliften et al.,
2001; Loots et al., 2002; Jegga et al., 2002; Batzoglou et al., 2000; Hardison, 2000). Re-
cent studies attempted to identify regulatory elements directly from multiple sequence
alignments. Although this method successfully identified functional TFBSs in yeast
intergenic regions and mammalian promoter regions (1-kb sequences), it has not been
applied to discovery of distant enhancers in long eukaryotic sequences (30-100kb se-
quences). In general, phylogenetic footprinting methods based on sequence alignments
are not yet able to accurately predict functional CRMs (Cliften et al., 2001). The evo-
lutionary forces that shape CRM sequences are not well understood, it is thought that
stabilizing selection can maintain CRM function for long periods of evolutionary time
while at the same time allowing mutational turnover of functionally important binding
sites (Moses et al., 2006). Therefore, although the same set of TFs may continue to
regulate a given CRM over long evolutionary distances, specific TFBSs may be lost,
gained, or rearranged relative to other TFBSs. Such phenomena makes the recognition
of CRMs by sequence alignment very difficult, because it enforces a linear ordering of
the aligned sequences. Therefore, the motif discovery algorithms should allow binding
sites to rearrange among species.
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1.2.3 Alignment methods for identifying conserved regions between
sequences
Comparing genomic sequences from related species is a source of biological insight,
as functional elements such as genes and regulatory sites tend to exhibit significant se-
quence similarity across related genomes, whereas regions that are not functional tend
to be non-conserved (Dubchak et al., 2000; Go¨ttgens et al., 2002). The availability of
multiple genomic sequences also makes it possible to learn more about the mutations
that DNA undergoes during evolution, and thus create better alignment programs. To
compare entire genomes from different species, we need alignment methods that are
efficient enough to handle long sequences, and accurate enough to correctly align the
conserved biological features between distant species. Sequence alignment is the pro-
cedure of comparing two (Pair-wise alignment) or more (Multiple sequence alignment)
sequences by searching for a series of individual characters or character patterns that
are in the same order in the sequences. There are two types of Sequence alignment
“Global“ Alignment and “Local“ Alignment.
Local alignment methods (e.g., BLASTZ; (Schwartz et al., 2000)) searches for seg-
ments of the two sequences that match well. There is no attempt to force entire se-
quences into an alignment, just those parts that appear to have good similarity, according
to some criterion. As shown in figure(1.2.3), local alignment methods identify blocks
of similar region from the given sequences and ignores the rest. BLAST-like methods
work by first finding very short common segments between the sequences, and then
expanding out the matching regions as far as possible. The Smith-Waterman algorithm
(Smith and Waterman, 1981) is a general local alignment method also based on dynamic
programming. Local alignment algorithms are generally very useful in finding similar-
ity between regions that may be related but are inverted or rearranged with respect to
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each other.
Global alignments assume that the two sequences are basically similar over the en-
tire length of one another. The alignment attempts to match them to each other from
end to end as shown in figure (1.2.3). Global alignments, which attempt to align ev-
ery residue in every sequence, are most useful when the sequences in the query set
are similar and of roughly equal size. A general global alignment technique is the
Needleman-Wunsch algorithm (Needleman and Wunsch, 1970), which is based on dy-
namic programming. These algorithms create the mathematically best possible align-
ment of two sequences by inserting gaps in either sequence to maximize the score of
base pair matches and minimize penalties for base pair matches and sequence gaps.
Figure 1.2.3. Sequences can be aligned across their entire length (global alignment) or
only in certain regions (local alignment). This is true for pairwise and multiple alignments.
Global alignments need to use gaps (representing insertions/deletions) while local align-
ments can avoid them, aligning regions between gaps
When aligning coding sequences, dynamic programming works quite well, because
evolution exerts significant functional constraint on coding sequences. Functional non-
coding sequences do not appear to be as constrained in the ordering of elements as
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coding sequences (Ludwig, 2002; Markstein and Levine, 2002). Compact CRMs, for
example, that enhance or suppress eukaryotic gene expression and play key roles in de-
velopment and differentiation, may be rearranged among species. The identification of
functional elements in non-coding DNA sequences is often complicated by the fact that
these elements are typically short and reside at varying distances from their target gene.
Functional elements tend to evolve at slower rates than nonfunctional regions, because
they are subject to selection. Due to this slower rate of evolution, comparisons among
evolutionarily distantly related genome sequences provide a tool to identify functional
regions in the sea of non-coding DNA.
One of the best characterized eukaryotic enhancers is the even-skipped stripe 2 el-
ement in Drosophila that controls transcription of the second transverse stripe of even-
skipped mRNA during embryogenesis. Functional and comparative sequence analysis
of stripe 2 clearly demonstrate that the enhancer maintains its specific activity across
species yet displays significant small-scale insertions, deletions, and rearrangements of
transcription factor binding sites within the module (Ludwig et al., 1998, 2000). Trac-
ing the evolutionary path of such non-coding elements is proving difficult with current
alignment methods. It has been shown that especially in distantly related species the
CRM sequences are simply not alignable (Wolff et al., 1999). The CRMs can be missed
by alignment-based methods and we need more appropriate methods to identify the
CRMs in different species, which relies more on frequencies of words that is frequency
of TFBSs. The performance of alignment methods in identifying coding and non-coding
sequence in related species are shown in figure (1.2.4) and (1.2.5).
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Figure 1.2.4. Performance of alignment methods in aligning coding sequences. Alignment
methods performs well in aligning coding sequences. A set of genes from Species A is
shown in green color and the identified similar genes in related species B is shown in blue
color. The region indicated in light green color is the aligned region between the species A
and B.
Figure 1.2.5. CRMs are characterized by presence of TFBS, these can be in different
species slightly changed, in different position, different number, even different combina-
tions. It has been shown that especially in distantly related species the CRM sequences are
simply not alignable.
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1.2.4 The Non-alignment based method for identifying CRMs in re-
lated genomes
Non-alignment methods are based on “Word“ frequencies. This method works under
the assumption that similar sequences will share word composition to some extent. For
a fixed word length k, the alignment-free method computes the frequency distribution
of all k-length words in each sequence, and assess the similarity of the two frequency
distributions. This approach can be applied to regulatory sequence comparison with k
set to the typical length of binding site cores. If each of the two regulatory sequences
being compared has several binding sites for the same TFs or multiple TFs, comparison
of their k-word frequency distributions should reveal this featural similarity. Such a
strategy becomes all the more promising if we are interested in comparing one set of
(related) regulatory sequences to another set of related regulatory sequences. The k-
word distribution of each set will have high frequencies for the shared motifs.
Various quantitative measures for the similarity of two sequences, in terms of their
k-word frequency distributions, have been proposed in the past, as summarized in the
excellent review by (Vinga and Almeida, 2003). The simplest similarity score is the
Euclidian distance between the two 4k-dimensional vectors of k-word counts (Blaisdell,
1986). Information theoretic measures like the Kullback-Leibler distance (also called
relative entropy) (Wu et al., 2001), geometric measures such as the cosine of the an-
gle between the count vectors (Stuart et al., 2002), and statistical measures such as the
correlation coefficient (Fichant and Gautier, 1987) have been investigated by different
authors in the context of alignment-free sequence comparison. There are also mea-
sures that do not treat every k-word’s count equally, in view of the fact that different
k-words’ counts have different probability distributions. Thus, the Standardized Euclid-
ian distance and the Mahalanobis distance (Wu et al., 1997) account for the variances of
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k-words in computing the Euclidian distance between the count vectors.
Furthermore, there have been approaches that do not base the sequence similarity
score on counts of all k-words; rather, they use certain techniques to short-list a smaller
subset of k-words and compare the counts of these words in the two sequences. For
example, (Stuart et al., 2002) use singular value decomposition to identify the most
important of the 4k k-words before computing the cosine of the angle between the k-
word count vectors of two sequences. Similarly, (van Helden, 2004) uses a motif-finding
program to identify statistically significant k-words and bases the similarity score of two
regulatory sequences on the counts of these significant k-words only.
It has been recently shown that “Non-alignment method“ (van Helden, 2004; Vinga
and Almeida, 2003; Kantorovitz et al., 2007) successfully detects CRMs by allowing
genetic recombination and, in particular, genetic shuffling. The recent abundance of
successful applications of non-alignment sequence analysis, and the increasing focus
on practical implementations makes it a safe prediction and will be used for functional
annotations and phylogenetic study.
1.3 Drosophila as a model for transcriptional regulation
Drosophila is very popular and successful as a model organism because it has a short
life cycle of two weeks, making it possible to study numerous generations a short pe-
riod of time. It has been used to study almost every aspect of eukaryotic biology from
gene organization to developmental biology and behavior and everything in between. It
is easy to culture and inexpensive to house in large numbers. Moreover, it has a very
long history in biological research and there are many useful tools to facilitate genetic
study. The relevance of the fruit fly to the human genome project reflects the remark-
able conservation among genes in different animals. The D. melanogaster is 165 million
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base pairs in length (spread over four chromosomes) and contains approximately 14,000
genes (Adams et al., 2000). Humans have more genes than flies but about the same num-
ber of gene families. Since it is easy to create mutants and carry out experiments on fruit
flies, the functions of many fly genes have been established. The relationship between
fly and human genes is so close that the sequences of newly discovered human genes, in-
cluding disease genes, can often be matched against their fly counterparts (Reiter et al.,
2001). This provides a lead towards the function of the human gene and could help in
the development of effective drugs.
The analysis of fly embryonic development has made a particularly important con-
tribution to the understanding of developmental processes in humans. One of the best-
understood examples of pattern formation is the patterning along the future head to tail
(antero-posterior) axis of the fruit fly D. melanogaster (Nu¨sslein-Volhard et al., 1987).
The building blocks of anterior-posterior axis patterning in Drosophila are laid out dur-
ing egg formation, well before the egg is fertilized and deposited. The developing egg
(oocyte) is polarized by differentially localized mRNA molecules. The genes that code
for these mRNAs, called maternal effect genes, encode proteins that are translated upon
fertilization to establish concentration gradients that span the egg. The hierarchy of pat-
terning stages in Drosophila embryogenesis is shown in figure (1.3.1). The egg-polarity
genes are required to define the anteroposterior and dorsoventral axes of the embryo
(Nu¨sslein-Volhard and Wieschaus, 1980). The gap-genes (Kruppel and Hunchback) are
required in specific broad regions along the anteroposterior axis of the early embryo
to allow their proper development. A third category, the pair-rule genes are required
for development of alternate body segments. The pair-rule genes ( Eve and Ftz) are
expressed in striped patterns of seven bands perpendicular to the anterior-posterior axis
(Fujioka et al., 1995; Lawrence and Johnston, 1989).
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Figure 1.3.1. Patterns of gene expression in developing Drosophila embryo. The maternal-
effect genes (Bicoid) encode transcription factors that regulate the expression of the gap
genes. The gap genes roughly subdivide the embryo along the anterior/posterior axis. The
gap genes encode transcription factors that regulate the expression of the pair-rule genes.
The pair-rule genes divide the embryo into pairs of segments. The pair-rule genes en-
code transcription factors that regulate the expression of the segment polarity genes. The
segment polarity genes set the anterior/posterior axis of each segment. The gap genes, pair-
rule genes, and segment polarity genes are together called the segmentation genes, because
they are involved in segment patterning.
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These patterns of expression are established within the syncytial blastoderm. After
these initial patterning events, cell membranes form around the nuclei of the syncytial
blastoderm converting it to a cellular blastoderm.A fourth category, the segment polar-
ity genes, are responsible for organizing the anteroposterior pattern of each individual
segment. The expression patterns of the segment polarity genes, are then fine-tuned by
interactions between the cells of adjacent parasegments. The “Engrailed“ protein is a
transcription factor that is expressed in one row of cells at the edge of each paraseg-
ment (Fujioka et al., 1995). This expression pattern is initiated by the pair-rule genes
(like even-skipped) that code for transcription factors that regulate the engrailed gene’s
transcription in the cellular blastoderm. The transcription factors that are coded for
by segmentation genes regulate yet another family of developmental control genes, the
homeotic selector genes. Homeotic selector genes define differences between one seg-
ment and the next.
1.4 Global survey of gene expression patterns during
Drosophila embryogenesis
A systematic study of gene expression throughout Drosophila development using mi-
croarrays, and high-throughput in-situ hybridization of whole-mount embryos provides
a global survey of gene expression in embryos (Tomancak et al., 2007, 2002). Com-
bining data obtained by microarray analysis and in-situ method makes it possible to
investigate gene expression profiles in both a quantitative and a qualitative manner.
Nearly 44% genes were analyzed and the global analysis of gene expression during
embryonic development were documented. It was observed the, nealy 4,462 genes were
expressed during embryo development, whereas 1064 genes were not expressed. To
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annotate the gene expression patterns during developmental process there is a require-
ment for a unique term for an embryonic structure at each stage of development. The
gene expression patterns were annotated using a set of 314 anatomical terms selected
from the broad Drosophila Controlled Vocabulary for Anatomy maintained by FlyBase
(Ashburner and Drysdale, 1994). Genes with similar expression patterns were grouped
together using a clustering (fuzzy c-means) algorithm. As a result of the clustering pro-
cess, the expressed genes were grouped into 39 clusters. Each cluster is representing a
certain pattern like for instance epidermis expression, gut expression, nervous system
and so on. For instance, an example set that has Epidermis expression pattern is shown
in figure (1.4.1). Each cluster represents a list of genes which share similar pattern but
rarely identical.
A number of tissue or domain specific expression patterns shared among a signif-
icant number of genes were identified. Clustered gene expression data for genes ex-
pressed in a restricted manner is shown in figure (1.4.2). For instance, Clusters 1R-4R
contain 383 genes expressed in various combinations of the yolk nuclei, fat body and
blood related tissues as shown in figure (1.4.2). Clusters 5R-7R contain 1160 genes
expressed late in embryogenesis in a number of epithelial structures, including the epi-
dermis, hindgut, foregut, and trachea. Clusters 13R-16R contains the genes expressed in
central and peripheral nervous system. Clusters 23R-29R contains the genes expressed
in either differentiated somatic muscle or differentiated visceral muscle.
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Figure 1.4.1. Genes that share similar expression pattern (Epidermis). The patterns are
not identical but similar. The gene id is shown in the bottom of the images.
The data set obtained from this analysis provides us a rich source of candidate
genes for an analysis of sequence determinants of gene expression patterns. Cluster-
ing provides gene groupings based on spatio-temporal gene expresion, ranging from
unique patterns, through small tightly co-regulated gene sets, to large gene expression
classes. We take advantage of the large-scale database of spatio-temporal patterns of
gene expression in D. melanogaster embryogenesis to identify sets of developmentally
co-expressed genes. These gene sets are the starting point for identification of regulatory
elements present in the genome.
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Figure 1.4.2. Clustered gene expression data for genes expressed in a restricted manner.
The micro-array data for 13 one-hour time points (yellow relative high expression, blue
relative low expression), followed by annotation matrices split by stage range and color-
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Figure 5 Tomancak et.al.
Tracheal System Mesoderm / MuscleHindgut / Malpighian Tubules Head Mesoderm / Circ. syst. / Fat bodySalivary Gland
Ubiquitous Ectoderm / EpidermisGerm line ForegutProcephalic Ectoderm / CNS PNSAmnioserosa / YolkMaternal
Endoderm / MidgutGarland cells / Plasmat. / Ring gland
33
1.5 Drosophila species
The genomic sequences of 12 species of Drosophila are now available (Clark et al.,
2007), D. melanogaster is completely sequenced and well studied species, the other
non-melanogaster genome sequences are available as scaffolds (sequence fragments).
Comparison of genome sequences of 12 Drosophila species could greatly contribute
to finding of conserved features, including CRMs, small RNAs and new exons. The
genomes of these species provide an excellent model for studying how conserved func-
tions are maintained in the face of sequence divergence. These genome sequences pro-
vide a dataset to contrast genome structure, genome content, and evolutionary dynamics
across the well-defined phylogeny of the sequenced species. Phylogenetic tree of the 12
Drosophila species is shown in figure (1.5.1).
The sequencing of whole genomes has made it possible to study the gain and loss
of genes from the genomes of 12 sequenced Drosophila (Hahn et al., 2007). The se-
quenced genomes of different Drosophila species is also used for the de novo discovery
of functional elements, including protein-coding genes and exons, novel RNA genes and
structures, miRNA genes, regulatory motifs, and regulator targets (Stark et al., 2007b).
Sequencing of multiple related Drosophila species followed by comparative genomics
analysis constitutes a powerful approach for the systematic understanding of Drosophila
genome. The availability of 12 complete genomes of various species of Drosophila pro-
vides an opportunity to analyze genome-scale chromosomal rearrangements among a
group of closely related species (Bhutkar et al., 2008). 12 Drosophila genomes were
also used to define structural and evolutionary signatures of miRNA haripins (Stark
et al., 2007a), where >41 novel miRNA genes were predicted and 28 were validated
experimentally. The available 12 Drosophila genomes were also used to annotate repeat
elements (Caspi and Pachter, 2006).
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Figure 1.5.1. Phylogenetic tree of sequenced Drosophilids.
We are interested in investigating the evolutionary conservation of CRMs in multi-
ple Drosophila genomes. The genomes of 12 Drosophila species provide a great op-
portunity to study the evolutionary conservation of functional elements like TFBSs and
CRMs. Although little is understood about the evolutionary processes affecting CRMs,
studies have observed that they undergo stabilizing selection, with maintenance of the
overall set of TF inputs and resulting expression pattern coupled with species-specific
gain and loss of TF binding sites, a process known as ‘turnover‘ (Ludwig et al., 1998,
2000). The degree of turnover appears to increase with evolutionary distance. However,
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the CRMs are under functional constraint and appear to change much more slowly that
non-functional sequence. They are expected to have a degree of sequence conservation,
which allows identification of the CRMs using comparative genomics.
1.6 Aims
The aim of my thesis is to study the significance of regulatory elements in two important
aspects, i) Over-representation, ii) Cross-species conservation.
i) Predicting over-represented regulatory elements from co-regulated gene set
The first goal of my work is to predict gene expression patterns, that is when and
where in a given tissue a gene is expressed, simply by looking at the information in the
genomic sequence around the gene. This can be done by looking at set of co-regulated
genes, (i.e) sets of genes expressed in the same tissue at the same time. We believe that
in the promoters of these co-regulated genes there are common sequences that regulate
the expression patterns. A systematic study of gene expression throughout Drosophila
development using microarrays, and the high-throughput in-situ hybridization of whole-
mount embryos provides the global survey of gene expression in embryos. Gene sets
defined by this analysis are the starting point for the identification of the regulatory
elements present in the genome. My aim is to develop a de novo method to predict
regulatory elements which is specifically designed to work on spatial gene expression
data from in situ screen.
ii) Predicting cross-species conservation of regulatory elements in multiple
Drosophila species
In the second part of my thesis, I study the evolutionary conservation of regulatory
elements (CRMs) in multiple Drosophila species. The conservation of regulatory ele-
ments can be studied by comparing the related genomes. Alignment methods are widely
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used computational tools for comparing the sequences. Alignment methods performs
well when it comes to identify similar coding sequences from multiple genomes and
it works also on non-coding sequences, but the question is how well does this method
performs on CRMs? CRMs are characterized by presence of TFBS, these can be in
different species slightly changed, in different position, different number, even differ in
combinations. It has been shown that especially in distantly related species the CRM
sequences are simply not alignable (Wolff et al., 1999). Since the CRMs can be missed
by alignment methods we need more appropriate method to identify the CRMs in dif-
ferent species which relies more on frequencies of motifs. My second goal is to develop
a computational tool to predict similar CRMs in multiple genomes, especially in more
diverged species that is based on alignment-free approach.
My ultimate goal is to integrate the above mentioned two methods in order to iden-
tify the regulatory elements from co-regulated gene set without prior knowledge of TF-
BSs and to study the evolutionary conservation of predicted regulatory elements in re-
lated species.
The input data set and the methodology part of the analysis are discussed in the
second chapter.
The results of the analysis are shown in the third chapter. I have discussed the




2.1 De novo discovery of cis-regulatory modules in the
Drosophila melanogaster genome
2.1.1 Co-regulated genes from in-situ data
Patterns of gene expression during Drosophila embryo development were analyzed us-
ing RNA in-situ hybridization method. Nearly half of the genes (5526 genes) were an-
notated and it has been shown that 4462 genes were expressed. The expression patterns
are documented as images and deposited in the expression pattern database (Tomancak
et al., 2007). The genes with similar expression patterns were grouped together using
fuzzy-clustering approach into 39 clusters. It has been observed that 1064 genes were
not expressed. The overview of the annotated and unannotated genes in drosophila
genome is shown in figure (2.1.1). The Drosophila genome contains nearly 14,000
genes, for 5526 genes the expression patterns during embryo development were deter-
mined by in situ experiment and for the remaining 8500 genes the expression pattern
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still need to be experimentally determined. Global analysis of gene expression pattern
study provides us a great source of co-regulated genes in both space and time as it pro-
vided us a well studied positive set (Genes expressed during embryo development) and
negative set (Not expressed genes).
Figure 2.1.1. Drosophila genome contains nearly 14,000 genes. Nearly half of the genes
were annotated by in-situ experiment. It has been shown that 80% of annotated genes are
expressed during embryo development and 1064 genes are not expressed.
~ 14,000 genes in Drosophila genome





We considered 39 clusters and not-expressed gene set as our input data. Each cluster,
that is a list of genes sharing similar expression pattern was considered as a positive set
and the not-expressed gene set was treated as a negative set. The in situ data provides us
two different negative set to compare with the positive set. Let us consider a cluster-X as
a positive set, in which the genes are expressed in the midline. We considered the genes
that are not-expressed throughout the embryo development as our first level negative
set. The genes that are not expressed in midline, but expressed in different tissue during
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embryo development were considered as second level negative set. The main idea of our
method is to identify the discriminative motifs that are over-represented in positive set
compared with negative sets. We identified such motifs in two step as shown in figure
(2.1.2).
In the first step, we predict the motifs that are highly enriched in the positive set
compared with the genes that are not expressed in the embryogenesis. In other words,
we filtered out the motifs that occur frequently in both positive and negative set and
the motifs that are enriched in the negative set. As shown in figure (2.1.2), in the first
step one of the cluster (Cluster-X) is compared with the first level negative set (Not-
expressed gene set). The size (number of genes) of the positive set is not equal to the
size of the negative set, which implies that the given positive set and the negative set
are not directly comparable. In order to make it comparable we introduced a ‘Sampling
process‘ in the negative set. We next applied the ‘Enumeration method‘ to identify the
enriched motifs in the positive set. The sampling process and the enumeration method
are discussed in the next section.
In the second step, we compared the positive set (Cluster-X) with the second level
negative set (genes that are not expressed in the same tissue as in the positive set). We
filtered out the motifs that are not enriched in the positive set compared with the second
level negative set and as a result of the whole process we obtained the cluster specific
motifs.
We fixed the enrichment threshold value as 3 (in the first step), which means that we
are interested in identifying the motifs that are enriched (at-least 2 fold) compared with
the first level negative set. And in the second step we used relaxed enrichment thresh-
old value (>2), as the positive and the second level negative set have some similarity
(Expressed during embryo development) but are not identical sets.
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Figure 2.1.2. The overview of the algorithm used to identify the motifs. In the first step
the target cluster is compared with the background set (Genes which are not expressed
during Drosophila embryo development. The motifs that are enriched in the target set are
identified by using enumeration method. In the second step the target cluster is compared
















The number of genes in the positive sets (39 clusters) ranges from 30 to 500, the negative
set (genes not expressed) has 1064 genes. Since the number genes in the positive sets
are not equal to the number of genes in the negative set, the positive and the negative sets
are not comparable. In order to make it comparable we introduced a sampling process
in negative set. Let us consider a cluster with 31 genes, the search space (the overall
non-coding sequence size) for these genes are in different sizes which is represented in
figure (2.1.3) by the size of the circle.
Figure 2.1.3. The sizes of the positive set ranges from 30 to 500 shown in the graph (Left).
The negative set has 1064 genes. The size of the circle represents the size of non-coding
sequence in the set. Using sampling process we identify many sets with the same gene
number and non-coding sequence size
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We defined the search space for motif prediction by including all possible non-
coding regions (Upstream, Downstream and Introns) of the co-regulated genes. We
draw different sets of 31 genes from the negative set until we identify many sets which
have comparable sequence length with the positive set. As a result of the sampling
process we get comparable positive and negative sets, i.e sets with the same number of
genes and comparable size.
2.1.3 Enumeration method for motif prediction
The cluster specific motifs are identified using the enumeration method. Enumeration
methods typically involve exhaustive enumeration of words up to some maximum size
in a dataset, and are thus best suited to consensus sequence motif models. The words are
cataloged from the given sequence set, they can be scored using an appropriate measure
of statistical significance, and the most statistically significant motifs are then reported.
Enumerative methods cover the entire search space, and therefore do not run the risk
of getting stuck in a local optimum. For the given positive and negative set, we first
enumerate all possible k-mers in both set. We have considered two different parameters
a) Percentage b) Frequency , as a measure of the motif that helps to distinguish the real
motif from the spurious one.
We are interested in identifying the motifs that are present in the regulatory regions
of all genes in the positive set (or in the maximum number of genes), and the motifs
should be enriched in the positive set compared with the negative set. We have con-
sidered the percentage of genes with the particular motifs as our first parameter. The
non-coding sequences of the co-regulated genes differ in their sequence length. In order
to take the sequence length into account, we have considered frequency of motifs as our
second parameter. We compute the percentage score for each k-mer from the frequency
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of occurrence score. The enrichment score is calculated for each k-mer as measure of
statistical significance of the each k-mer and the enrichment score is obtained from the
percentage score as shown in figure (2.1.4).
Figure 2.1.4. Our method computes the frequency of occurrences of all k-mers. The per-
centage score of each k-mer is computed using frequency score. The enrichment score is
computed from the percentage score.
Positive set Negative set
Frequency of occurrence 
of all k-mers
Frequency of occurrence 
of all k-mers
Percentage score (PP) Percentage score (PN)
Enrichment score (E)
2.1.4 Parameters used for designing the motif prediction method
Since we have clearly defined positive and negative set (from in situ experiment), it
is possible to contrast positive set compared to the negative one. We are interested in
identifying the motifs (a) are present in the majority of genes in the co-regulated gene
set (Percentage score) (b) motif that occur frequently in the positive set (Frequency
score) (c) motif that are enriched in the positive versus negative set (Enrichment). The
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frequency and percentage score are computed using enumeration method as shown in
figure (2.1.5).
Figure 2.1.5. Our algorithm is designed to detect over-represented motifs present in the
co-regulated gene set. Percentage, Frequency and Enrichment scores are the three dif-
ferent parameters used for the motif prediction. The motifs enriched according to their
percentage score and the motifs enriched according to their frequency score are computed
separately using enumeration method. As the output of our method we get the motifs
enriched according to the percentage and frequency score.
The idea of our method is to identify,
i)   The motifs that are over-represented in ALL co-regualted genes (Percentage) 
ii)  The motifs occurs in the positive set with highest FREQUENCY (Frequency)
iii) The motifs that are enriched ONLY in the positive set compared with the 























Enumeration method Enumeration method
Enriched motifs
Parameters used for designing the motif prediction method
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(i) Percentage score (P)
Given a value of k, we first generated the set of all possible k-mers. Every k-mer is
considered as a candidate regulatory element. For each k-mer, we found the set of genes
in the positive set that have at-least one occurrence of the k-mer in their non-coding
region. Importantly, the matches can be anywhere in the non-coding region, either in the
upstream region or in the downstream region or in the intron regions of the gene. They
do not have to be at the same positions and can be on any strand. The significance of the
k-mer can be measured using the percentage value, which is the number of genes that
has the particular k-mer in their non-coding region. We are interested in the motifs that
are present in all genes or occur in the majority of the positive set. In this way, one can
identify the regulatory elements that are over-represented in the given co-regulated gene
set. We initially compute the percentage score for all possible k-mers from the negative
set. As a result of the first step of the anlaysis, we compute the percentage score for all
possible k-mer from two different set, one is the positive PP and the negative set PN .
(ii) Enrichment score (E)
We used the enrichment score to remove the k-mers that are over-abundant in the
intergenic regions of the genomes as these sequences are unlikely to be regulatory ele-
ments. Using the enrichment score one can measure the difference between the signal
and noise, where the signal is taken from the positive set, and the noise from the nega-
tive set with the same composition and length. In this way, we identified the functional
regulatory elements that are more specific to the positive set compared with the negative
set. We are able to separate all possible k-mers into three different categories as shown
in Figure (2.1.6), (1) k-mers that are not enriched in the negative set, (2) k-mers that are
enriched in both the positive and the negative set, (3) k-mers that are enriched in only
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the positive set. We removed the subset of k-mers from the first two categories ( (1)
and (2) ), and every remaining k-mer (3) is then considered as a candidate regulatory
element.
Figure 2.1.6. The positive set and the negative set are compared by comparing all k-mers
between these two sets. Some of the k-mers can be enriched in the negative set and some
motifs can be common to both set. We are interested in the motifs that are specific to the
positive set.
Positive set Negative set
All k-mers
(Motifs)
Specific motifs to the 
negative set
Specific motifs to the 
positive set
Common motifs to 
both setInteresting motifs
The enrichment score is calculated by counting the number of genes with the motif
in the positive and in the negative set. The ‘Hypergeometric p-value‘ is the probabil-
ity that we would observe an equal or greater number of motif occurrences if the input
dataset had been drawn randomly and without replacement from the background. We
compute the hypergeometric p-value from the equation (2.1). If the motif is highly over-
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represented in the input dataset, then the probability of observing a count that large at
random will be very small, and the enrichment score will be large. The enrichment














where B - number of positive sequences, G - number of sequences in the negative
set, b- the subset of B with the particular motif, g- the subset of G with the particular
motif
Enrichment score:
E =− log(pvalue) (2.2)
where p-value - Hypergeometric distribution p-value.
(iii) Frequency score (F)
The search spaces for the motif prediction differs in size and not all of the k-mers
are equally likely to occur. It is useful to rank all k-mers according to their expected
likelihood of occurrence in the given sequence. The frequency score is a measure of
global statistical significance and thus a useful measure for ranking k-mers. We deter-
mined the total occurrences of each k-mer in each gene independently; the frequency of
a given k-mer in a gene being given by
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Frequency score ( fg) = (Number of occurrences of k-mer / Number of all k-mers of
gene g)
The frequency of a given k-mer in a cluster of genes is computed by
Frequency score ( fc) = [ ∑( fg) / Number of genes in the cluster ]
We also computed the frequency score of all k-mers in the whole genome sequence
and in the background sequence independently. Let fa be the observed count (i.e) the
actual number of occurrences of the motif in the whole genome sequence. The enrich-
ment factor of a motif in the positive set is defined as the ratio of its frequency score
in the cluster to its actual number of occurrences in the whole genome (Enrichment =
fc / fa). Similar to the way we calculated the enrichment factor of all k-mers of the
positive set compared with negative set. The significant motifs that are highly enriched
in the positive set compared with the negative set and the whole genome sequence are
considered for further analysis.
2.1.5 Clustering similar motifs by grouping process
As a result of the enumeration method we obtained numerous motifs that are enriched in
the positive set compared with the negative set. The result of the enumeration method is
shown in the figure (2.1.7). Next we ask, are these motifs present in all or in the majority
of the co-regulated genes? From the figure (2.1.7), it is clear that the predicted motifs are
enriched (at-least 3 times), but the motifs are present only in small fraction of the genes
in the positive set. Ideally we would like to identify motifs which are both enriched and
present in the majority of the genes in the positive set. To increase the percentage of
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genes with the motif we group similar motifs together. This is meaningful because real
TFBS are known to be degenerate, that is a TF recognizes a range of sequences which
differ slightly from each other.
Figure 2.1.7. Result of enumeration method. The x-axis represents enrichment score of the
predicted motifs and y-axis indicates percentage score. The predicted motifs are enriched













Each motif (k-mer) from the predicted enriched motif set is treated as a representa-
tive motif. The grouping process starts with first motif, we grouped similar motifs that
share the common core region with the representative motif.
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Figure 2.1.8. Grouping enriched motifs. The predicted enriched motifs are shown in left
side, the first motif is the representative motif (shown in green color). The motif with
length (k-1), similar to the representative motif is indicated in brown color. The similar
motif that share common core region with the representative motif with length (k-2) is
shown in red color. The motifs indicated in blue color represent the motifs that are similar
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   ACGATACG
(K-3)
Grouped motifs




   ACGATACG
       CGATATCA
In the motif grouping process we searched the representative motif against the en-
riched motif set to detect similar substrings with length (k-1), where one mismatch is
allowed in the representative motif. In the next step the enriched motifs with length (k-
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2) and (k-3) that share the common core region grouped with the representative motif,
where the mismatches are allowed only in the flanking base pairs and not in the core
region were grouped. In this way the enriched motifs similar to the representative motif
were grouped together. In figure (2.1.8), the enriched motif set is shown in the left side,
in the first step of the grouping process, the first motif is considered as a representative
motif (indicated in green color). The motif with length (k-1), that is similar to the rep-
resentative motif is shown in brown color and the motifs indicated in red (length (k-2))
and blue (length (k-3)) color represent the similar motifs that share common core re-
gion with the representative motif. As a result of the grouping process (shown in figure
(2.1.9), we obtained the grouped motifs that are similar to each other, but not identical.
Figure 2.1.9. Effect of grouping on enumeration. The plot in the left side represents the
result of the enumeration method. The motifs are enriched but not present in the majority
of the genes in the positive set. Each point represents a single k-mer. The plot in the
right side indicates the result after grouping the similar motifs. The percentage score is
significantly increased but still keep the enrichment. Each point indicates a cluster of k-
mers.





















Before grouping enriched motifs After grouping enriched motifs
In figure (2.1.9), percentage vs. enrichment score of the enriched motifs obtained
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from the enumeration method is shown in the left side. Each point represents a single
k-mer. By using the grouping of the similar motifs we are able to identify the motifs
which are present in the majority of the genes in the positive set and still keep the
enrichment. The plot in the right side represents the percentage vs. enrichment score
after grouping similar motifs. Each point indicates a cluster of motifs. The predicted
and grouped motifs are present in the majority of the genes in the positive set and are
enriched compared with the negative set.
2.1.6 Predicted motifs compared with the experimentally validated
motifs
Once we identified the enriched motifs that are specific to the positive set compared with
the negatives sets, we then checked, how many of the predicted motifs are novel motifs
and is there any predicted motif overlaps with already known TFBSs? We predicted the
cluster specific motifs as consensus strings, which are then compared to a set of known
motifs from the FlyREG database (Bergman et al., 2005). To compare the predicted
motifs with already known motifs, we used a web tool called ”STAMP” (Mahony and
Benos, 2007), which is used to query motifs against databases of known motifs. The
software aligns input motifs against the chosen database and lists of the highest-scoring
matches are returned. Some of the motifs which we identify are similar to the known
TFBSs and this could indicate that the predicted motifs are biologically meaningful.
An example predicted motif that overlaps with already known TFBS ‘Aef1‘ is shown
in figure (2.1.9), the predicted motif is shown in the first row and already known motif
is indicated in the second row. The region in the predicted motif that is similar to the
known motif is indicated in the box.
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Figure 2.1.10. Enriched motif overlaps with the TFBS of TF ”Aef1”. The x-axis of the
motif represents the position of each bp and y-axis represents the height of each bp which
indicates the conservation of the bp in that position. The motif in the first row indicates
the predicted motif and the known TFBS is shown in the second row. The similar region
between the two motifs are indicated in the box.
2.1.7 Defining CRMs and comparing against experimentally-validated
CRMs
Next, we turn our attention to discover the CRMs, that contains several spatially clus-
tered TFBSs, whose corresponding TFs cooperate in the regulation of a group of genes
(Co-regulated genes) in higher eukaryotes. Most available approaches for discover-
ing CRMs have concentrated on either predicting novel motifs and looking for co-
occurrences or using experimentally determined motif matrices to search for possible
clusters in a predetermined sequence window. It has been shown by careful experimen-
tal and computational analysis of gene expressed along the A/P axis in early Drosophila
embryo such as even skipped (Berman et al., 2002). The different stripes of eve expres-
sion patterns are determined by a combination of TFs whose sites cluster together to
form the CRMs as shown in figure (2.1.11). To mimic this known property of CRMs,
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we cluster our specifically enriched motifs obtained from the enumeration method in a
fixed window. We identified CRMs that are present in the majority of the co-regulated
genes and these CRMs are characterized by unique combination of known TFs as well
as many novel motif predictions. We further compared the predicted CRMs with the ex-
perimentally verified CRMs. The REDfly database (Gallo et al., 2006) is an up-to-date,
comprehensive collection of experimentally verified CRMs in Drosophila, mediating
regulation in a broad spectrum of genes. The database also records the gene expression
pattern driven by each CRM. The known expression pattern terms were compared with
the expression pattern of the positive set.
Figure 2.1.11. Distribution of predicted TFBSs and binding site clusters in the vicinity of
eve (shown in red color). Known eve CRMs marked with gray ellipses. Predicted binding
sites for the TFs Bcd, Cad, Hb, Kr and Kni located in the upstream region of eve gene
are displayed as colored boxes. The predicted CRM overlaps with known eve CRMs are
indicated in vertical gray bar. (from Berman et. al 2002)
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2.1.8 Conservation of predicted CRMs in multipleDrosophila genomes
We use evolutionary conservation to improve the motif prediction method, which is re-
stricted to co-expressed genes in ONE species, to look at the conservation of the CRMs
in related species. Evolutionary conservation has been used successfully to help in
discriminating the functional CRMs from the non-functional ones as CRMs are signif-
icantly more conserved than the rest of non-coding DNA. But the question is how to
identify the conserved regions from the given two sequences? Alignment methods are
the widely used computational tools to identify the conserved regions between two or
multiple sequences. The alignment method performs well on coding sequences in iden-
tifying orthologs. It works also on non-coding sequences, but the question is how well
does perform on CRMs? CRMs are characterized by presence of TFBS, these can be
in different species slightly changed, in different position, different number, even differ
in combinations. It has been shown that especially in distantly related species the CRM
sequences are simply not alignable (Wolff et al., 1999).
2.2 Non-alignment based method to identify CRMs in
multiple Drosophila species
Since the CRM can missed by alignment method we need more appropriate method
to identify the CRMs in different species which relies more on frequencies of motifs.
The performance of the Poisson based metric, which aim at comparing sequences on
the basis of pattern counts has been evaluated in detecting the regulatory patterns of the
given upstream sequences from Saccharomyces cerevisiae genome (van Helden, 2004).
By using a Poisson based metric similar to that in (van Helden, 2004), we develop a
method for discovering the similar CRMs in multiple genome. We analyzed the per-
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formance of the Poisson based measure in detecting the orthologs of CRMs in other
non-melanogaster genomes. Our method starts with an initial known CRM from D.
melanogaster and searches for the similar CRM in other non-melanogaster genomes. In
figure (2.2.1), the known CRMs are indicated in different colors, which are located in
between the flanking genes Gene-X and Gene-Y in D. melanogaster genome. Our aim
is to identify the similar CRMs in non-melanogaster genome non-alignment method,
where the Poisson based metric is used for comparing two sequences.
Figure 2.2.1. Detecting the orthologous region of the known enhancers. The known en-
hancer lies in between the flanking genes (Gene-X and Gene-Y) in D. melanogaster genome.
The aim is to identify the orthologs of known enhancers in non-melanogaster genome, that









2.2.1 Orthologous control region detection
The easiest way to detect an orthologous pair is to find the best reciprocal hit. It is
well know that orthologous regulatory sequences show a significantly lower level of
alignment than their corresponding coding sequences. The alignment based method
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like BLAST (Altschul et al., 1990) performs better when it identifies the orthologs for
the coding sequences. In order to identify the similar CRMs in other non-melanogaster
genome, first we need to detect the orthologous control region from the non-melanogaster
genome. The flanking genes of the CRMs from the D. melanogaster genome were
considered and blasted against the non-melanogaster genome. If the orthologs of the
flanking genes were located in the same scaffold, then the region in between the flank-
ing genes is considered as the control region. In figure (2.2.2), the flanking genes of
the known enhancer from D. melanogaster are indicated as Gene-X and Gene-Y. Gene-
X’ and Gene-Y’ are the orthologs of the flanking genes in non-melanogaster genome.
Detected orthologous control region is indicated in dashed line.
Figure 2.2.2. Orthologous control region detection. The known enhancer region lies in
between the flanking genes (Gene-X and Gene-Y). BLAST identifies the orthologs of the
flanking genes (Gene-X’ and Gene-Y’) in non-melanogaster genome. The region in be-




The repeats and the low-complexity regions in the control sequence were masked
using DUST (Altschul et al., 1997) observed that the identified control regions range
from 5 to 50 kb.
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2.2.2 Poisson distribution
The CRMs (Enhancers) can be characterized by counts of patterns (motifs or TFBSs) oc-
currences, which can then be used to calculate pair-wise similarities between sequences.
In order to compare two sequences, we need to choose a metric which takes into account
the following aspects:
(i) count-based comparison (the number of copies of each pattern should be re-
flected)
ii) multi-variate comparison (several distinct patterns are considered, the CRMs are
composed of multiple TFBSs)
iii) pattern-specific prior probabilities (some pattern are expected to occur by chance
more frequently than others).
It has been shown that the Poisson-based metric, which is based on simple concepts
of probability theory, fulfills the requirements listed above (van Helden, 2004). We use
Poisson-based metrics for comparing sequences on the basis of pattern counts. This
metric relies on the assumption that each pattern must be Poisson-distributed and the
patterns must be independent of each other.
Background probability score calculation for all possible k-mers:
To compare the given two sequences using Poisson metric, first we need to character-
ize each pattern by a prior probability indicating the probability to find an occurrence at
any position of a sequence. Prior probability can be calculated on the basis of an back-
ground model. As we compare two sequences from two different genomes to detect
similar CRM, we tend to compute the background probability score from two genomes
separately. We computed the background probability score for all possible k-mers using
the whole genome sequence from D. melanogaster species and other non-melanogaster
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genomes. We make a frequency catalog of the observed pattern frequencies in the back-
ground sequences using Compseq a tool from EMBOSS (Rice et al., 2000) that com-
putes the frequency score ( fi) for all possible k-mer from the given sequences.
The expected number of occurrences mi of the pattern i from species spei is obtained
by
spei(mi) = fiT = fi(L−w+1) (2.1)
Where L is the length of the sequence, w the length of the pattern and T is the
number of possible positions.
We fixed the pattern length w=6, as we are interested in detecting CRMs in related
species and the CRMs are characterized by the presence of TFBSs. Generally TFBSs
length ranges from 6 to 12 bp, and it is reasonable length to consider the pattern size as
w=6.
Computing Poisson-based similarity and dissimilarity score:
In order to compare the given two sequences, we should measure the Similarity score
between the sequences based on pattern counts. In addition to the similarity score, it is
useful to measure the Dissimilarity score between sequences on the basis of pattern
counts, which gives an idea about the sequence divergence.
For the given sequences, a Poisson based ‘Similarity‘ score is calculated on the basis
of the probability of common counts and this score is used to infer the similar structure
or function.
The Poisson-based similarity score Seci for a single pattern i from the two species
spe1 and spe2 is calculated as follows,
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Seci = [1−P(x≥ spe1(Ceci )]∗ [1−P(x≥ spe2(Ceci )] (2.2)






and P(x ≥ spei (Ceci ) is the probability of observing at least Ceci in e and c from
species spei
P(x≥ spei(Ceci )) =
 [1−F(spei(Ceci )−1,spei(mi))]2 i fCeci > 01,otherwise (2.4)
The multi variate similarity Sec between e and c is thus obtained by
Sec = 1/p∑Seci (2.5)
The sequence divergence, leading to Poisson-based ‘Dissimilarity‘ score is esti-
mated as difference between the occurrences found in respective sequences.
The dissimilarity Diec, can be calculated on this basis
Deci =| F(Nbi −1,spe1(mi)−F(Nai −1,spe2(mi) | (2.6)
The multi variate dissimilarity Dec between e and c is thus obtained by
Dec = 1/p∑Deci (2.7)
Let us consider A and B are the two sequences to compare, the poisson based sim-
ilarity and dissimilarity scores are computed using the formula (2.5) and (2.7). The
poisson distribution for a single motif is shown in figure (2.2.3), the plain horizontal
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bars represents the motif count in A and B. The area under the distribution to the left
(marked in green color) becomes the similarity score and the area under the distribution
between the two counts (marked in red color) is then the dissimilarity score.
Figure 2.2.3. Illustration of the Poisson-based metrices for a single variable. A and B are
the two sequences to compare, the similarity metric is based on the probability of common
occurrences, i.e) the area marked with dashed line (green color). The dissimilarity metric
is based on the difference between the count of A and B marked with red color dashed line.
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The Mixed metric Mec, is the score that is expressed as the difference between the
Similarity and Dissimilarity score.
The Mixed metric Mec is obtained by
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Mec = Sec−aDec+b (2.8)
Where Sec is the similarity from formula (2.5) and Dec is the dissimilarity between
e and c from formula (2.7), a is a positive weighting parameter, which can be tuned
arbitrarily to give more emphasis on the common or distinct occurrences between two
sequences, and b is an offset, which ensures that the metric is always positive. This
score provides better results than similarity or dissimilarity alone. When two sequences
have exactly the same counts for all the patterns, their dissimilarity is 0. This score
increases with the number of distinct counts. For the given two sequences, if the pattern
is found in both sequences then the mixed metric is positive, which implies that the
given sequences are similar to each other. The mixed metric contributes to a negative
score for the dissimilar sequences.
2.2.3 Random sampling of Drosophila sequences
In order to characterize properties of the non-coding sequences across the Drosophila
genome, we picked random non-coding sequences from the Drosophila melanogaster
genome with >10-kb length as the typical control region ranges from 5-15-kb. The first
500 bp from the whole region were excluded, as the core promoters that are typically im-
mediately adjacent to the genes are highly conserved in both closely and distantly related
species. Using the method discussed in (2.2.1) we identified the orthologous sequences
of the randomly picked non-coding sequences in distantly related species (D. ananas-
sae, D. pseudoobscura, D. willistoni, D. mojavensis, D. virilis, and D. grimshawi). The
mixed metric was computed (from equation (2.8)) for the random sequences and we
performed this procedure 10,000 times with the window sizes (250, 500, 750 and 1000
bps) with different a values (0.1, 0.5, 1.0). a is a positive weighting parameter, which
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can be tuned arbitrarily to give more emphasis on the common or distinct occurrences
between the two sequences. We used this random sequence score to compute a “sig-
nificance threshold value“ corresponding to the significance level (a value). The set of
scores obtained form a null distribution, from which the significance threshold can be
determined. The peaks that stand out relative to the threshold level might be a potential
enhancer.
2.2.4 Scanning the enhancer sequence against the control
region
The enhancer sequence from D. melanogaster and the control regions from the non-
melanogaster species are scanned in a pair-wise sliding window fashion and in each
step the window was shifted by 50-bp. The Mixed metric score was computed for each
window using the formula (2.8). As a result of this scanning process we get a mixed-
metric profile for each pair of sequences. Thus, there would be as much mixed-metrics
values as the number of sliding windows in the known enhancer region. We applied
the same procedure to compute the mixed-metric score with the reverse complement
sequence of the control region. The profile that contains the best (maximum of all max-
ima) score is chosen as the candidate profile. We merged the consecutive windows to the
window with the best score, if the similarity score of consecutive windows exceeds the
given threshold value. The set of consecutively merged windows in the second species
is the most similar pair of sequence regions. The pipeline that we followed for scanning
process is shown in figure (2.2.4).
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Figure 2.2.4. Scanning process. The known enhancer region scanned against the control
region. For each window, the poisson-based similarity, dissimilarity and mixed metric
scores are computed. The enhancer region is scanned against the control region by moving
the window by 50 bp.
Scanning known enhancer region from D. melanogaster against the whole inter-
genic region from non-melanogaster genome using non-alignment approach results in a
mixed-metric profile. As an example, we show the result of the scanning process, on the
known enhancer ‘Eve-stripe-2‘ from D. melanogaster scanned against the orthologous
intergenic region from D. pseudoobscura (shown in figure (2.2.5)). The X-axis repre-
sents the sliding sequence window across the orthologous intergenic region in D. pseu-
doobscura genome. On Y-axis, we plot the value of the mixed metric for each window.
The points marked in black color represents the mixed metric score from the positive
strand and the red color represents the negative strand. The peak indicates the global
maximum mixed metric score located in that particular window. In this example it is
clearly known that the window with the global maximum score is be the potential orthol-
ogous region of Eve-stripe-3 enhancer. But since we wanted to apply this approach to
many sequences, we need to find a way to decide what peak is significant. For this rea-
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son we define a statistical threshold value (p-value) which is obtained from distribution
of 10,000 random orthologous windows (see section(2.2.3)). The peak that exceeds the
threshold value is the candidate orthologous region in other non-melanogaster genome.
Figure 2.2.5. Eve-stripe-3 orthologous region in D. pseudoobscura. The x-axis represents
the sliding window number in the intergenic region from D. pseudoobscura. Y-axis rep-
resents the mixed metric score of each window. The known enhancer is scanned against
both positive and negative strand. The points indicated in black color represents the mixed
metric score from positive strand and red color represents negative strand. The horizontal
line indicates threshold value obtained from the distribution of 10,000 random orthologous
windows.

































2.2.5 Detecting similar CRMs in multiple non-melanogaster genome
To test the performance of our non-alignment method in identifying the similar enhancer
regions, we applied this method to many non-melanogaster genomes (D. ananassae, D.
pseudoobscura, D. willistoni, D. mojavensis, D. virilis, and D. grimshawi). Each non-
melanogaster genome was compared with the reference sequence (D. melanogaster)
separately, for each pair-wise comparison we obtained a mixed metric profile as shown
in figure (2.2.6). We show the result of the scanning process, where the known enhancer
‘Eve-stripe-4/6‘ from the D. melanogaster was scanned against 6 non-melanogster genomes
(In figure (2.2.6). The peak that exceed the threshold value indicates the orthologous
region of ‘Eve-stripe-4/6‘ located in that particular window. We computed the p-value
for each pair-wise comparison using the mixed metric score obtained from the 10,000
random orthologous windows. The orthologous intergenic region identified from the
non-melanogaster genome are differ in the sequence length (ranges from 5 to 50kb).
The sequence length has to be taken into account in the p-value calculation, where p-
value is a suitable measure to identify the potential similar enhancer in the orthologous
intergenic region. The corrected p-value is obtained by,
Corrected(pvalue) = [pvalue∗ (Sequencelength/windowsize)] (2.9)
Where - p value is the significance threshold value obtained from the random se-
quence and sequence length is the size of the orthologous intergenic region.
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Figure 2.2.6. Eve-stripe-4/6 enhancer scanned against non-melanogaster genomes. The
non-melanogaster species marked in top of the plot. The mixed metric profile obtained
from each pair-wise comparison is shown in the graph. From this plot, it is clear that
Eve-stripe-4/6 is highly conserved in distantly related species.
In each pair-wise comparison, the corrected p-value is considered as a measure to
detect the orthologous region of the given known enhancer in other non-melanogaster
species. However, different pairs of sequences drawn from different species are to be
compared. In the multiple species comparison, we need to take the evolutionary distance
into account as different Drosophila species have different divergence times. We con-
sidered the available evolutionary distance information, that was obtained from a set of
5067 orthologous genes identified using a tBlastn->Genewise->Blastp approach. We
first normalized all distances used in a particular combination of pair-wise score to 1.
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We considered 6 non-melanogaster species (D. ananassae, D. pseudoobscura, D. willis-
toni, D. mojavensis, D. virilis, and D. grimshawi) for the analysis and we computed BLS
(Branch Length Score) (Stark et al., 2007b) for 6 pair-wise Drosophila species from the
phylogenetic tree as shown in figure (2.2.7). For instance, the pair-wise BLS between
D. melanogaster and D. pseudoobscura was obtained by,
BLS(D.mel <−> D.pse) = [((L1+L2+L7)/6)+(L9+L10)] (2.10)
Where L1, L2 and L7 are the common paths for all 6 species, we normalized L1, L2
and L7 by the number of species considered for the analysis. L9 and L10 are the paths
traveled from D. melanogaster to D. psedoobscura. For each pair-wise comparison we
computed the Corrected p-values from (2.9) and the pair-wise BLS was calculated from
(2.10). The BLS score weights the corrected p-value, the weighted p-value, which is
obtained as
Weighted(pvalue) =∑(BLS∗Corrected(pvalue))/6 (2.11)
The weighted p-value is the score that measures the significance of the predicted orthol-
ogous enhancer region in the multiple non-melanogaster genomes.
69
Figure 2.2.7. Phylogenetic tree of the Drosophila family with the Branch Length Score
(BLS). D. mel is the reference genome and the branch length score indicates the distance




In the previous chapter, I discussed about the methods that we have developed to
i) predict similar enhancer region in multiple Drosophila genomes (Non-alignment
method), and
ii) the method to predict over-represented motifs from the co-regulated gene set,
where the genes are expressed in specific tissues during the Drosophila embryo devel-
opment (Enumeration method).
In this chapter,
1) We discuss the input data set that we used for testing performance of non-alignment
method to predict the similar enhancer region in multiple Drosophila genomes. Subse-
quently we discuss the results and the performance of non-alignment method.
2) We also discuss the performance of existing computational tools in predicting
over-represented motifs from co-regulated gene sets. The performance and the results
of our enumeration method for motif prediction are discussed in the following section.
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3.1 Applying non-alignment method in experimentally
validated data set
We evaluated our non-alignment method on a set of previously characterized early em-
bryonic CRMs (Berman et al., 2002, 2004). A set of 37 predicted enhancer regions
from the D. melanogaster genome with unusually high densities of predicted binding
sites for the early-acting transcription factors Bicoid (BCD), Hunchback (HB), Kruppel
(KR), Knirps (KNI) and Caudal (CAD) involved in anterior-posterior embryonic pat-
terning were considered from the previous study (Berman et al., 2002). We have also
considered the dataset from an evolutionary analysis of these enhancers based on com-
parisons of the D.melanogaster and D.pseudoobscura genomes from the previous study
(Berman et al., 2004). All 37 enhancers are conserved based on the alignment analysis
in D.pseudoobscura, 33 enhancer regions were experimentally validated, 15 enhancers
drive expression along the A/P axis whereas the 18 candidates do not. Those exper-
imentally validated enhancer regions that drive expression pattern along the A/P axis
form our “Positive set“ and the enhancers that do not drive specific expression pattern
were considered as the “Negative set“.
The flanking genes that are adjacent to the experimentally validated enhancers were
considered as anchors to identify orthologous control region from other non-melanogaster
genomes. Since our aim was to identify similar enhancers in other related species, we
considered the non-melanogaster genomes that are distantly related to D. melanogaster
for our analysis. The orthologous sequence of flanking genes were identified in dis-
tantly related species D. ananassae, D. pseudoobscura, D. willisoni, D. mojavensis,
D. virilis, D. grimshawi (discussed in section(2.2.1)). The known enhancers from D.
melanogaster genome were scanned against the orthologous control regions in a fixed
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window size (500 bp), and the enhancers were scanned in both strands (discussed in sec-
tion(2.2.4)). The window with the global maximum mixed metric score (Mixed metric
score is the score that is expressed as the difference between the Poisson-based similar-
ity and Poisson-based dissimilarity score), was considered as the potential orthologous
region of the given known enhancer sequence.
As an example, the result of known enhancer (Eve-stripe-4) scanned against D.
ananassae is shown in figure (3.1.1), x-axis represents window number, y-axis rep-
resents mixed metric score of each window. Horizontal line represents the threshold
value that was obtained from random sequence analysis as discussed in section (2.2.3).
Figure 3.1.1. Result of non-alignment enhancer search for known enhancer ‘Eve stripe-
4‘ scanned against D.ananassae. The x-axis represents the sliding window number in the
intergenic region from D.ananassae. Y-axis represents the mixed metric score of each win-
dow. Horizontal line indicates the threshold value obtained from the distribution of 10,000
random orthologous windows.
In figure (3.1.1), we can see that there is a clear peak, where the global maximum
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mixed metric score exists and the global maximum score exceeds the threshold value.
From this figure, we can conclude that the known enhancer ‘Eve-stripe-4‘ is well con-
served in D. ananassae and we were able to identify the orthologous enhancer in D.
ananassae by using our non-alignment method.
For all 15 experimentally validated enhancers, we were able to identify the potential
orthologous sequences in the non-melanogaster genomes D. ananassae, D. pseudoob-
scura, D. willisoni, D. mojavensis, D. virilis, D. grimshawi using our non-alignment
method. The ‘Weighted p-value‘ is the score that measures the significance of the pre-
dicted orthologous enhancer region in multiple non-melanogaster genomes (discussed in
section(2.2.5)). We computed the weighted p-values for all candidates for all pair-wise
comparison, where the known enhancer from reference sequence (D. melanogaster) was
scanned against 6 non-melanogaster genome. We plotted the weighted p-values of all
positive and negative candidates as shown in figure (3.1.2). In figure (3.1.2), the en-
hancer candidate number is indicated in the x-axis and y-axis represents the weighted
p-values of the predicted enhancers in 6 non-melanogaster genomes. The bars marked
in green color represents the weighted p-values of positive candidates and blue color
represents negative candidates. Using our non-alignment method, we were able to iden-
tify the orthologous regions in 6 non-melanogaster genome for all positive enhancers
with significant weighted p-value (<0.01). The weighted p-values of the positive candi-
dates indicates that those enhancers are highly conserved in 6 distantly related species
and implies that those CRMs are functional enhancers (Experimentally validated) in D.
melanogaster. From figure (3.1.2), we can see that our non-alignment method clearly
discriminates the positive candidates from the negative ones.
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Figure 3.1.2. Weighted p-values of predicted enhancers in 6 non-melanogaster genomes.
X-axis represents the candidate number and y-axis indicates the corresponding weighted
p-values. Green color bars represents the weighted p-values of positive candidates and blue
for negative candidates. Weighted p-values are computed by averaging p-values across all
pair-wise comparisons.
The orthologous regions of the negative candidates were identified with weighted
p-values > 0.01, which implies that the given predicted enhancer from D. melanogaster
is not conserved in distantly related species. The results for the negative candidates
suggests that the predicted enhancer from D. melanogaster are not functional CRMs.
However, for two of the negative candidates we identified the similar regions in 6 non-
melanogaster genome with significant weighted p-value (< 0.01) as shown in figure
(3.1.2). Those two candidates are named as ‘CE8021‘ and ‘CE8023‘, the weighted
p-values of these enhancers suggest that CE8021 and CE8023 are well conserved in
distantly related species and that these two enhancers can be functional CRMs.
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Figure 3.1.3. Genomic region of the enhancer CE8023 and Dfd gene. The red box indicates
location of enhancer CE8023 and blue box indicates the location of Dfd gene. The image
of the expression pattern of Dfd gene is taken from in situ database and the expression
pattern is indicated with a arrow mark.
In our analysis, it is clearly shown that CE8023 enhancer is well conserved in dis-
tantly related species, one would expect that CE8023 candidate can regulate the Dfd
gene as it occurs in the upstream region. We sought a way to independently evaluate
the functionality of the CE8023 enhancer. An indirect method of evaluating CE8023
enhancer consists of checking whether genes flanking the enhancer genomic regions are
expressed in A/P axis as the enhancer region originally predicted by clustering of bind-
ing sites of the early-acting TFBSs involved in A/P embryo patterning (Berman et al.,
2002). Although reporter construct assays provide stronger evidence, cross-referncing
with in situ and literature databases offers a reasonable and rapid first-pass assessment.
We checked in the in situ images database (Tomancak et al., 2007) for staining during
embryo development. The expression pattern of Dfd gene is available in in situ database
and it has been observed that Dfd gene expressed in A/P axis during embryo develop-
ment. This experimental result implies that the enhancer CE8023 could be responsible
for the regulation of Dfd gene. In figure (3.1.3), the genomic region of the enhancer
CE8023 is marked in the red box and Dfd genes is located next to the enhancer which
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is marked in a blue box. The expression pattern of Dfd gene is shown in figure (3.1.3).
We checked the location of CE8021 candidate in the genomic region. CE8021 lo-
cated 7 kb upstream of reaper gene, and in situ data is not available for reaper gene.
Since the experimental data is not available for this gene, we cannot able conclude any-
thing about this enhancer. However, it is useful to check the expression pattern of reaper
gene, since we claim that CE8021 candidate might be regulating reaper gene.
3.1.1 Evaluating non-alignment method by comparing with align-
ment method
Our next task was to validate the performance of our non-alignment method that predicts
similar enhancer regions in related genomes. In order to that, we needed to compare the
performance of non-alignment method with alignment method. The program ‘Bl2seq‘
is a widely used alignment method that was designed to compare two input sequences
directly. This allows to quickly assess the similarities between two input sequences.
Bl2seq program compares the two sequences, identifies the similar region between the
two sequences and reports the E-value, which is a measure of the reliability of the align-
ment. The typical threshold for a good E-value from a Blast search is 10−5 or lower.
We decided to compare the performance of our non-alignment with the performance of
Bl2seq program.
We have used the same data set (37 predicted enhancers from the D. melanogaster
genome by clustering the known TFBSs that acts in the early embryo development) that
contains experimentally validated enhancers that we considered as our ‘Positive set‘
and the enhancers that do not drive expression pattern that are the ‘Negative set‘. Bl2seq
program identifies the similar enhancers in 6 non-melanogaster genomes (D. ananassae,
D. pseudoobscura, D. willisoni, D. mojavensis, D. virilis, D. grimshawi). However, one
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can not directly use the E-values obtained from the blast to compare the performance
of alignment method with non-alignment method as we do not know the significance
threshold value level of blast e-value. In order to determine the significance threshold
level of e-value score, we randomly picked non-coding sequences from D. melanogaster
and the orthologous sequences of the random sequences in 6 non-melanogaster genome
were detected using blast program (discussed in section (2.2.3)). The random sequences
from D. melanogaster genome were blasted against non-melanogaster genome and we
obtained e-values from the random sequence analysis. We performed this 10,000 times
with 500-bp window size. We determined the significance threshold value level using
the random sequence analysis. For each pair-wise comparison, we computed the p-value
from the set of e-values obtained from the null distribution. From this p-value, we com-
puted the weighted p-value that measure the significance of the predicted orthologous
enhancer region in multiple non-melanogaster genomes (discussed in section (2.2.5)).
The aim of this analysis is to compare the performance of non-alignment method
with the alignment method. Hence, we plotted the weighted p-values obtained from
non-alignment method and from the alignment method separately. In figure (3.1.4), the
weighted p-values obtained from the non-alignment method are shown in the first plot
and the weighted p-values from the alignment method are shown in the second plot. The
positive candidates are shown in red color and negative candidates are in green color.
The horizontal line indicates the significance threshold level of weighted p-values.
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Figure 3.1.4. Comparison between non-alignment method and alignment method. The
result from non-alignment is shown in the first plot and result from alignment method
is shown in second plot. X-axis represents the enhancer number and y-axis represents
weighted p-values. The points marked in red color indicates the weighted p-values of pos-
itive candidates and green color represents the weighted p-values of negative candidates.
The horizontal bar represents the significance threshold level.
From figure (3.1.4), it is clear that the non-alignment based method identified the
similar enhancer regions in other non-melanogaster genome with significant score (Weighted
p-value) and it is clearly distinguish the positive candidates from the negative ones. In
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contrast, although, the alignment method detects the orthologous region of enhancers
in other non-melanogaster genome, it fails to discriminate the positive enhancers from
the negative ones. We propose that the non-alignment method performs better than the
alignment method in detecting functional CRMs.
We further investigate the feasibility of our non-alignment method by applying to
different data set. We decided to consider the well studied data set that is experimen-
tally validated set, hence we considered the enhancers that control the dorsal-ventral
patterning of Drosophila embryo during development for the further analysis (Papat-
senko and Levine, 2005). The performance of our method and the results on this data
set are discussed in the following section.
3.1.2 Enhancer sequences that control dorsal-ventral patterning of
Drosophila embryo
A set of 20 enhancers from the D. melanogaster genome that are directly regulated by
different concentration of Dorsal, where Dorsal is a sequence-specific transcription fac-
tor that is distributed in a broad nuclear gradient across the dorsal-ventral (DV) axis of
the early Drosophila embryo, were considered from the previous study (Papatsenko and
Levine, 2005). Our goal is to identify the orthologous region of these 20 enhancers in
other non-melanogaster genomes. As a first step, we need to find the orthologous region
of the flanking genes of the 20 enhancers. We applied the same procedure as we did in
the previous data set (Enhancers responsible for A/P patterning of drosophila embryo).
The orthologous region of flanking genes of the 20 enhancers in 6 non-melanogaster
genomes (D. ananassae, D. pseudoobscura, D. willisoni, D. mojavensis, D. virilis, D.
grimshawi were identified using BLAST program (discussed in section (2.2.1). We ran
our method on these enhancers, and we summarize the results of all 20 enhancers in
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Table (3.1.1).
Table 3.1.1. Non-alignment method compared with alignment method. The weighted p-
values marked in red color represents the border line candidate and bold letter represents
the enhancer that are missed to predict by the methods.






















Our method predicted the similar enhancer regions in non-melanogaster genomes.
By using our non-alignment method, we were able to identify the orthologous enhancer
region in distantly related species for 17 candidates. However, we failed to predict
the similar regions of the enhancers (Mes5, Mes3 and Twi) as their sequence length
are shorter than 250 bp. We ran Bl2seq program on the same data set to compare the
performance of our non-alignment method with the alignment method. We observed
that the alignment method (Bl2seq) predicted the similar enhancer region in 6 non-
melanogaster genomes for 3 candidates, and it failed to perform on the remaining 17
candidates as shown in Table (3.1.1). In table (3.1.1), the weighted p-values marked
in bold letter are the candidates that are missed to predict by the methods and the red
color indicates the candidates that are predicted in the border line. The present analysis
suggests that the non-alignment method performs better in identifying the orthologous
enhancer regions in diverged species.
In the second part of this chapter, we discuss the input data set used for test-
ing the performance of our enumeration method that we have developed to iden-
tify over-represented motifs from the co-regulated gene set and the results are dis-
cussed in the next section.
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3.2 Computational identification of cis-regulatory
elements controlling gene expression patterns in
Drosophila embryogenesis
A systematic study of gene expression patterns during Drosophila embryo development
provides a great source of co-expressed gene sets (Tomancak et al., 2007). In this study
nearly half of the genes (5526 genes) were annotated, and it has been shown that 4462
genes are expressed during embryo development and 1064 genes are not expressed.
Using a clustering algorithm, the genes expressed at same time and in the same tissue
were clustered together. In this way the expressed genes (4462 genes) were grouped into
39 clusters. We are interested in predicting the over-represented motifs from the given
co-expressed gene set by using existing computational motif prediction methods. In the
following section we discussed the methods that we have used for motif prediction.
3.2.1 Motif prediction using existing computational methods
There are many computational tools available for predicting binding site of the transcrip-
tion factors. Weeder (Pavesi et al. 2001), AlignACE (Hughes et al. 2000) and MEME
(Bailey et al. 1998) are widely used computational methods to discover conserved TF-
BSs from co-regulated genes. A recent comparative assessment of the performance of
tools for the motif prediction has shown a quite satisfactory performance for Weeder
(Tompa 2005). One would use those publicly available tools to predict the TFBSs from
co-regulated genes, but the important technical difficulty which causes limitations is the
inherent low signal/noise ratio in only-sequence-based binding site discovery problems.
The prediction performance decreases significantly as the length of sequences increases
for the above mentioned programs. These programs works with the given sequence
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length less than 5 kbp and it performs well on bacteria and yeast sequence data, but
perform relatively poorly on complex sequences from higher eukaryotes. We were not
able to use these programs to identify the TFBSs of co-regulated genes that are involved
in Drosophila embryo development as the search space was too large. One way of
augmenting sequence data to improve performance is by using orthologous sequences
from related species. The widely used approach to identify blocks of sequences that are
conserved across multiple species using phylogenetic footprinting.
“Phylogibbs“ (Siddharthan et al. 2005) and “PhyMe“ (Sinha et al. 2004) are re-
cently developed programs for predicting the TFBS of DNA sequences. These pro-
grams have now been developed that directly take into consideration the phylogenetic
distances between the organisms that are being aligned in order to identify conserved
DNA motifs. Phylogibbs searches for motifs in multiple DNA sequences, each of which
may be prealigned with homologous sequence from related species. It uses “Gibbs sam-
pling“ algorithm with an anneal+track strategy that finds multiple motifs simultaneously
and reports their significance. We need to specify the phylogenetic tree of the “proxim-
ities“ between the species that occur in the input multiple alignments. PhyME uses an
“Expectation-Maximization“ (E-M) algorithm to search for the motif that best explains
the data. When evaluating a motif, its orthologous occurrences are assumed related
to each other by a probabilistic model of evolution that takes into account the varying
phylogenetic distances among the species. Analyzing data with multiple motif discov-
ery tools that are developed using different algorithms can greatly improve results; we
have decided to use Phylogibbs and PhyMe for predicting the TFBS of the co-regulated
genes obtained from in situ experiment. The processing that includes clustering to com-
bine similar motifs and picking a common and intuitive scoring metric will validate the
predicted motifs.
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In multicellular organism the sequence space in which regulatory elements can be
present in the genome is vast. In addition to the core promoter region the transcriptional
regulatory elements like enhancers, silencers and insulators can be present in the distant
5’ upstream region, 3’ downstream region and in the introns. We defined search space
by including upstream, downstream and intron regions of co-regulated genes along with
their orthologs from non-melanogaster species. Currently 12 Drosophila genome se-
quences are publicly available. To start with a smaller set we decided to include only two
species that are related to the reference genome (D. melanogaster). The first sequence is
from closely related species (D. erecta) and next one is from D. pseudoobscure which is
more distantly related to the reference species. The repeats and low complexity regions
in the input sequence were masked by using “RepeatMasker“ and we used “DALIGN“
(Morgenstern, 2004) program for aligning the input sequences.
The orthologous regions from D. psedoobscura were poorly aligned with reference
sequence. With accurate alignment, phylogenetic footprinting method generally per-
forms better, which implies that the performance of this method mainly relies on align-
ment of the sequences. We decided to use only the orthologous regions from the closely
related species since we obtained better alignments when considering orthologous re-
gions from D. erecta and D. yakuba. For specified motif width 10, we considered the top
10 motifs from Phylogibbs and Phyme. The predicted motifs were conserved in related
species. We observed that the programs failed to predict the motifs that are present in
all of the co-expressed genes and these methods do not come up with the most charac-
teristic set of motifs for a given group of genes. The predicted motifs resemble the low
complexity sequence motifs (for example, Poly (A) or Poly (CA)) as shown in figure
(3.2.1), which are unlikely to represent specific regulatory elements. It is important to
determine the significance of the predicted motifs. The significant score of each pre-
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dicted motifs were obtained by calculating the frequency of occurrences of the motif
in the positive set and in the negative set. Here we used the well-defined set of genes
that are not expressed during the Drosophila embryo development as our negative set.
We also observed that the predicted motifs were enriched in both the positive and in the
negative set (Positive set - Genes expressed during embryo development; Negative set
-Genes that are not expressed during embryogenesis).
Figure 3.2.1. An example of predicted motifs from Phylogibbs and Phyme. The x-axis of
the sequence logo represents the position of each bp and y-axis represents the conservation
of bp in that position.
Since the performance of the Phylogibbs and Phyme are not good on complex
Drosophila intergenic sequence and the predicted motifs are repetitive, we decided to
develop our own algorithm. Our algorithm is based on word-based algorithm. It starts
with a set of co-regulated genes, then it does an enumerative search among all motifs
identifying the ones specifically enriched in the positive set. Each motif is scored for
its significance, and the program outputs the top motif, sorted by their significance.
Since we have clearly defined positive (genes expressed during embryo development)
and negative set (not-expressed during embryogenesis) from the in situ experiment, we
can compare these two sets in order to identify the discriminative motifs that are over-
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represented in positive set compared with negative set using the enumeration method.
3.2.2 Testing the performance of the enumeration method on core
promoter sequences
In order to test the performance of our enumeration method for predicting over-represented
motifs, first we need to check, can we detect the motifs present in all genes in the posi-
tive set and enriched in the positive set compared with the negative set? We decided to
test the performance of the our method by applying it to the well studied data set. We
considered 200 bp (core promoter region) from the transcriptional start site (Core pro-
moter) of each gene. We considered all possible k-mers from positive and negative set,
frequency of occurrences of each k-mer was computed and frequency scores are nor-
malized by the number of genes in the set. For this analysis, we fixed the motif length
k=8. We observed that the DRE motif (ATCGATA, Drosophila DNA replication-related
element required for the high expression of Drosophila genes for DNA polymerase and
the proliferating cell nuclear antigen (Hirose et al., 1993)) was highly enriched in the
positive set compared with the negative set. We also observed that the motifs like GGT-
CACAC (Ohler motif1 (Ohler et al., 2002)) and TATA-box (Lifton et al., 1978) are also
enriched in positive set compared with the negative set. Since this method works with
the core promoter regions, we wanted to extend this analysis by including the all possi-
ble regulatory sequences (Upsteam, Downstream and Introns) of the co-regulated genes
to identify candidate CRM sequences (Enhancers).
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3.2.3 Applying the enumeration method to experimentally verified
of early A/P patterning enhancer dataset
We studied the performance of our motif discovery method (Enumeration method) on
an experimentally validated dataset. A set of previously characterized functional CRMs
involved in early patterning along the A/P axis (Berman et al., 2002) were considered
for the analysis. We considered 15 CRMs that have high density of the binding sites for
five TFs involved in embryonic patterning: Bicoid, Hunchback, Kruppel, Knirps, and
Caudal. This CRMs drives expression along A/P axis during the Drosophila embryo
development. Genomic regions for the genes regulated by these elements were consid-
ered as positive set. The search space for motif prediction were defined by considering
the non-coding regions (Upstream, Downstream and Intron regions) of each gene in the
set. The genes that are not expressed during the Drosophila embryo development were
considered as the negative set. Percentage, Frequency and Enrichment score were com-
puted for all 8-mer that occur in the co-regulated gene set (discussed in section (2.1.4)).
We predicted 22 enriched motifs from the positive set compared with the negative set.
We recovered the TFBSs of Hunchback, Kruppel, Knirps and Caudal genes with high
frequency score ( fc > 0.0003) and percentage score (PP > 50%) with significant p-value
(pvalue > 0.005), but we failed to detect the TFBS of Bicoid as the frequency score ( fc
= 0.00025) and percentage score (PP = 46.67%) were not exceeding the threshold value.
We observed that the motifs overlap with Bicoid TFBS occured in the border line motif
set. Out of 22 predicted motifs, 10 of them overlaps with known TFBS as shown in
figure (3.2.2) and 12 are novel motifs. We summarized the results of this analysis in
Table (3.2.1).
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Figure 3.2.2. Predicted motifs overlaps with known TFBSs. The first motif in each box
represents predicted motif and second is the already known motif.
This study proposes and gives preliminary results in support of our enumeration
method. We were able to identify the motifs that are responsible for the A/P patterning
of embryo development using our enumeration method. However, the complex regula-
tion of gene expression in higher eukaryotes (like Drosophila) is substantially controlled
through the interaction of TFs and CRMs. Our next goal was to identify CRMs that
regulate a set of co-regulated genes. Therefore, we next investigated whether we can
discover CRMs using identified enriched motifs. The CRM candidates can be defined
by searching for matches of enriched motifs in non-coding regions of the co-regulated
genes (discussed in section(2.1.7)). The potential CRM candidates were identified by
searching the whole genome for a 500 bp window with at-least 7 matches of enriched
motifs or substrings of enriched motifs. 40 CRM candidates were identified by clus-
tering the predicted motifs and we recovered all 15 experimentally validated enhancers
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together with 25 unknown CRMs. Interestingly we detected the 15 experimentally val-
idated enhancers without considering the TFBS of Bicoid gene.
Table 3.2.1. Predicted motifs from co-regulated gene set using enumeration method. The
motif overlaps with already known TFBS (shown in blue color) are marked in red color.
Enriched motifs Percentage score Frequency score p-value
AAATAGAA Kni 60.00 0.000757 0.00099
AAAGTAGA Kni 80.00 0.000762 0.00045
AACCCTTT Kr 55.32 0.000757 0.00021
AATCCAAC 66.67 0.000897 0.00063
AATCCTTT 66.67 0.001049 0.00001
ACGCAATT 60.00 0.000804 0.00012
ATCATAAA Cad 73.33 0.001223 0.00005
ATGCAAAG 66.67 0.000791 0.00342
CATAAAAA Cad 86.67 0.001903 0.00002
CCCAAATG 80.00 0.000834 0.00043
CCGTTTTT Kr 73.33 0.000885 0.00021
CCTTTGGC Kr 73.33 0.000881 0.00021
TTTTATGG Hb 80.00 0.001496 0.00005
TTTTTATG Hb 86.67 0.002365 0.00007
In the next step we analyzed the conservation of the predicted CRM candidates. I
have shown in the first part of my thesis that the similar enhancers in related genomes
can be identified by using our non-alignment method. We used the non-alignment based
method (discussed in section(2.2)) to detect similar CRMs in other non-melanogaster
genomes (D. ananassae, D. pseudoobscura, D. willisoni, D. mojavensis, D. virilis, D.
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grimshawi). 7 out of 25 unannotated CRM candidates were conserved in 6-species, 13
were conserved in 3-speices and 5 were not conserved in any of the non-melanogaster
genomes. The unannotated CRM candidates that are conserved in 6-species could be
functionally important and they might play a role in regulating flanking genes. The
CRM candidates that are conserved in 3-species are border line candidates and those
CRMs might be functional enhancers that diverged in distantly related species. The
CRMs that are not conserved in non-melanogaster genome are likely false positives.
Weighted p-values (a score that measures the significance of predicted orthologous
enhancer region in multiple non-melanogaster genome (discussed in section (2.2.5))),
were computed for all CRMs. We summarized the weighted p-values of each CRM can-
didate in figure (3.2.3). In figure (3.2.3), first 15 candidates (in red) represents the ex-
perimentally validated CRMs, next 7 candidates (in green) represents the novel CRMs,
border line candidates are shown in blue color and false positives are shown in pink
color. The horizontal line represents significance threshold level (< 0.01).
This study suggests that, integration of enumeration and non-alignment method
successfully detects experimentally validated enhancers from the given non-coding se-
quences of genes. Since our method works with experimentally validated data set, we
wanted to test the performance of our method by applying it to clusters of co-expressed
genes that represent different gene expression patterns in Drosophila embryo develop-
ment.
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Figure 3.2.3. Weighted p-values of predicted CRMs. The x-axis represents CRM num-
ber and y-axis represents weighted p-value. The horizontal line indicates the significance
threshold level. The bars marked in red are experimentally validated CRMs, novel CRMs
are marked in green and border line CRMs are marked in blue color. The false positives
are shown in pink color.
The in situ data set (discussed in the beginning of the second part of the current chap-
ter), represents global analysis of gene expression patterns during Drosophila embryo
development and provides a great source of co-expressed gene sets (Tomancak et al.,
2007). Also the in situ data provides us a well defined positive set (genes expressed
during embryo development (4462 genes)) and negative set (genes not expressed dur-
ing embryogenesis (1060 genes)). Using a clustering algorithm, the genes expressed at
same time and in the same tissue were clustered together and the genes in the positive
set were grouped into 39 clusters. Each cluster was designated as either ‘broad‘ or ‘re-
stricted‘. Clusters containing a significant fraction of genes annotated as ‘ubiquitous‘
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were designated as broad, as were clusters containing primarily genes with unrestricted
maternal only expression. The genes exhibiting highly specific patterns were catego-
rized as restricted. 10 of the 39 clusters belongs to broad and the remaining 29 clusters
are restricted.
Our aim is to predict the over-represented motifs of the co-regulated gene set (39
clusters). We applied our enumeration method to the co-regulated gene sets and identi-
fied over-represented motifs. We considered the genes from cluster 8R (genes expressed
in the salivary gland) as an example of co-regulated gene set and we discuss the results
obtained from the enumeration method in the following section.
3.2.4 Motif prediction from co-regulated gene set (genes expressed
in salivary gland) using enumeration method
A set of 28 genes with the salivary gland expression pattern were grouped together, we
applied enumeration method to identify the enriched 8-mers (we fixed the motif length
k=8) that are common to this cluster of genes. Here, I want to recall the methodology
discussed in the second chapter (section (2.1.1) that I developed for predicted enriched
motifs from the given co-regulated gene set. The motifs enriched in the genes that
are expressed in the salivary gland (positive set) were identified in two steps as shown
in figure (3.2.4). In the first step, we predict the motifs that are highly enriched in
the positive set compared with the first level negative set (genes not expressed during
embryo development). And in the next step, we compare the positive set with the second
level negative set (genes that are not expressed in the salivary gland) to identify the
motifs specifically enriched in the salivary gland cluster.
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Figure 3.2.4. Motif prediction by enumeration method. In the first step we compare the
positive set with the first level negative set to filter our the motifs that are not enriched
in the positive set. In the second step the positive set is compared with the second level
negative set to identify the motifs specific to the positive set.









The idea of our method is to identify the motifs that fulfill the requirements listed
below,
1) motifs present in maximum or in all co-regulated genes (Percentage score)
2) motifs enriched only in positive set (Enrichment score)
3) motifs occur in the positive set with the highest frequency (Frequency score).
Hence, we have decided to consider the Percentage, Enrichment and Frequency
scores as our parameters to predict the motifs from the co-regulated gene set. The
parameters are discussed in the second chapter (section (2.1.4).
There are nearly 64,000 single 8-mers that occur in the positive set (Salivary gland
cluster). We computed the percentage, enrichment and frequency score of all 8-mers
(discussed in section (2.1.4)) and shown in figure (3.2.5). Only 7% of 8-mers were
highly enriched in positive set compared with first level negative set. We filtered out
the motifs that are not enriched in the positive set over the negative set comprised of
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non-expressed genes.
Figure 3.2.5. Percentage, Frequency and Enrichment score of all 8-mers. The percentage
score indicated in y-axis, enrichment score in y-axis and frequency score in z-axis.
In the next step, we compared positive set with the second level negative set, in
which the genes are not expressed in the salivary gland. As a result of this second
filtering process we obtained 6 motifs that are enriched in the positive set compared
with the second level negative set. The predicted motifs and corresponding percentage,
frequency scores are shown in Table (3.2.2). One of the identified motif ”GTATAAAA”
overlaps with the experimentally validated TFBS of the TF ”croc”.
By clustering similar motifs by the grouping process (discussed in section (2.1.5),
we detected the substrings that share common core region with the predicted enriched
motifs. In order to define CRM candidates, we scanned the non-coding regions of the
genes from the positive set for a 500 bp window with at-least 7 matches of the predicted
enriched motifs. In total we identified 210 CRM candidates based on enumeration anal-
ysis of Salivary gland. We expect that some of the predicted CRM candidates could be
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functional CRMs and some CMRs might be non-functional. It has been shown that the
inactive CRMs can be distinguished from active ones by considering the conservation
of CRMs in multiple species (Berman et al., 2004). We considered 8 non-melanogaster
genomes to investigate the conservation of the defined CRMs.
Table 3.2.2. Predicted motifs from the co-regulated genes expressed in salivary gland. The
motif overlaps with known TFBS is indicated in red color.
Cluster Enriched motifs Percentage score Frequency score p-value
8R AATATATT 78.57 0.002215 0.00006
GTATAAAA croc 64.29 0.001150 0.00005
TAAACATT 64.29 0.001128 0.00005
CTCCATTT 57.14 0.001000 0.00004
ACAACATT 57.14 0.000814 0.00045
TCAAAAGT 57.14 0.000636 0.00074
We used our non-alignment method for identifying similar CRM region in other non-
melanogaster genomes. We performed the similar CRM detection in 8 non-melanogaster
genomes (D. erecta, D. Yakuba, D. ananassae, D. pseudoobscura, D. willistoni, D. mo-
javensis, D. virilis, D. grimshawi). We observed that, nearly 90% of predicted CRM
candidates were conserved in closely related species (D. erecta and D. Yakuba) that
belong to the melanogaster subgroup. We observed that there are more than 60% of
CRMs conserved in the obscura group species D. ananassae, D. pseudoobscura and
nearly 50% of CRMs were conserved in distantly related species, D. willistoni, D. mo-
javensis, D. virillis, D. grimshawi. In total 40% of predicted CRMs were conserved in
all 9-species and nearly 70% of predicted CRMs were conserved in 7-species, including
the distantly related species. The results are shown in tables (3.2.3) and (3.2.4).
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Table 3.2.3. Conserved CRM candidates in multiple Drosophila species. Percentage of
CRMs conserved in non-melanogaster genomes (D. erecta, D. yakuba, D. ananassae D.
pseudoobscura) are shown here.
Enriched motifs Number of CRMs D .ere D .yak D .ana D .pse
AATATATT 61 93% 96% 67% 68%
ACAACATT 21 90% 95% 61% 66%
ATATTATA 43 88% 86% 69% 67%
CTCCATTT 30 93% 93% 70% 73%
GTATAAAA 29 93% 93% 72% 68%
TCAAAAGT 26 92% 92% 69% 61%
Table 3.2.4. Conserved CRM candidates in multiple Drosophila species. Percentage of
CRMs conserved in non-melanogaster genomes (D. willistoni, D. mojavensis, D. virillis D.
grimshawi) are shown here.
Enriched motifs Number of CRMs D .will D .moj D .vir D .gri 8-species
AATATATT 61 60% 63% 59% 55% 49%
ACAACATT 21 52% 57% 52% 47% 38%
ATATTATA 43 60% 55% 53% 58% 41%
CTCCATTT 30 63% 63% 56% 60% 53%
GTATAAAA 29 58% 44% 51% 65% 34%
TCAAAAGT 26 53% 57% 50% 53% 38%
We next investigate the specificity of predicted CRM candidates identified from
the positive set (Salivary gland). We scanned for the matches of the predicted CRM
candidates in the non-coding regions of the genes expressed in different tissue (Germ
cell). We then investigated the conservation of the CRM matches obtained from gene
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set (Germ cell) by using our non-alignment method. We observed that nearly 40% of
the CRM candidates were conserved in 3 (D. simulans, D. erecta, D. yakuba) closely
related species to D. melanogaster. Only 6% of CRM candidates were conserved in all
9-species and 25% were conserved in at-least 7-species. The results are shown in figure
(3.2.6), the x-axis represents number of species and y-axis represents the percentage of
conserved CRMs. This analysis implies that defined CRM candidates are more likely
to be conserved around genes of the positive set and thus the conservation is a good
indicator of CRM functionality.
Figure 3.2.6. Conservation of the predicted CRMs (Salivary-gland vs. Germ-cell). X-axis
represents number of species, y-axis represents the percentage of conserved CRMs.
We used our enumeration method to detect over-represented motifs from the 39
clusters of co-regulated gene set, where the expression patterns of these genes were
determined by in situ experiment. As we discussed before, each clusters belong to
either ‘broad‘ or ‘restricted‘. We applied the motif prediction method in restricted and
broad clusters, and we discussed the results in the following section.
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3.2.5 Broadly expressed genes
It has been observed that nearly 45% of annotated genes are expressed in broad patterns
(discussed in section(1.4)). The ten clusters encompassing broadly expressed genes
have relatively similar array profiles, all broad clusters have maternal expression fol-
lowed by ubiquitous or broad expression. Genes within these clusters have stereotypical
cellular functions, which reveal the physiological and cell biological states of different
domains in the embryo during development. Cluster 1B is one of the several broad clus-
ters characterized by peak microarray expression around hours 4-5. In situ hybridiza-
tion showed continued ubiquitous staining throughout embryogenesis, with the heaviest
staining resolving to the differentiated midgut, muscle, hindgut, foregut, and anal pads
and in cluster 2B and 3B differentiated midgut, muscle, hindgut, and foregut.
Using enumeration method we identified motifs that are highly enriched and fre-
quently present in the co-regulated genes. For clusters 1B and 2B we identified en-
riched motifs that are present nearly in 60% of the genes (pvalue > 0.01). We detected
three enriched motifs from the cluster 3B and we observed that one of the predicted
motif overlaps with the known TFBS of the TF “Aef1“, which implies that our method
recovers known motifs. Cluster 4B and cluster 5B often resolve to exhibit staining in
the differentiated nervous system and midgut. Predicted motif from cluster 4B overlaps
with “Prd-HD“ TFBS and the motifs identified from clusters 5B and 7B were novel mo-
tifs. The genes in clusters 1B-6B exhibit remarkably similar expression patterns during
gastrulation and were most frequently annotated as endoderm and mesoderm anlagen.
Clusters 7B-10B are composed of genes with maternally deposited transcripts that di-
minish after stage 7. We summarize the results of broad clusters in Table (3.2.5).
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Table 3.2.5. Predicted enriched motifs from clusters 1B-9B.
Cluster Enriched motifs Percentage score Frequency score p-value
1B TTCTTCTT 58.62 0.001101 0.00005
2B TTTCTTAA 59.02 0.001435 0.00004
3B GTTATTTT 51.72 0.001588 0.00005
CAACAAAT Aef1 55.17 0.001542 0.00006
AAAATGTG 55.17 0.001519 0.00002
4B TTTTGGTG 53.33 0.000776 0.00036
CATAATTG Prd-HD 51.11 0.000585 0.00082
5B CCTCCTCC 53.85 0.001066 0.00005
7B TTATTGTA 53.23 0.000711 0.00057
CCTTCTTG 52.73 0.000518 0.00081
AAATGTCT 52.91 0.000508 0.00083
CTGATGAT 50.63 0.000466 0.00103
8B TGTTTTCA 65.00 0.001822 0.00002
GTTTTCAA 62.50 0.001708 0.00003
ACTTTGTT 60.00 0.001644 0.00005
TGAGAAAA 60.00 0.00107 0.00003
GAAAAAGT 65.00 0.00093 0.00010
ATTAAACT 60.00 0.00091 0.00019
AGAAAGAA Br-Z4 60.00 0.00081 0.00012
9B CTTCTTCT 50.64 0.00077 0.00034
TATCGATT Dref 52.41 0.00063 0.00028
TCCTTGTC 51.94 0.00044 0.00105
TCGTCCTC 50.19 0.00040 0.00123
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We exclude the clusters 6B and 10B from the motif prediction analysis as the size of
these clusters are too large (331 and 509) and we failed to identify enriched motifs that
present in the majority of the genes in these clusters. In clusters 8B and 9B we detected
some novel motifs and also motifs overlaps with already known TFBS, like “Br-Z4“
and “Dref“. We identified CRMs by clustering the predicted enriched motifs, however,
none of the defined CRM candidates in broad clusters overlaps with the experimentally
validated CRMs.
3.2.6 Restricted expression patterns
A number of tissue specific expression patterns are shared among a significant number
of genes. These clusters with restricted expression patterns are more easily categorized
than the broad clusters. 29 of 39 clusters obtained from in situ data belongs to restricted
expression patterns.
Clusters 1R-4R contains genes expressed in various combinations of the yolk nuclei,
fat body and blood related tissues. The genes expressed in yolk nuclei during embryo
development stage 11-12 is shown in figure (3.2.7) and the gene id is indicated in left
bottom of the image.
Figure 3.2.7. Gene expressed in yolk nuclei. The genes marked in the left bottom of the
image were expressed in yolk nuclei during drosophila embryo development stage 11-12.
Clusters 5R-7R contain genes expressed late in embryogenesis in a number of ep-
ithelial structures, including the epidermis, hindgut, foregut, and trachea. The epithelial
pattern is the most recognizable and most abundant tissue-restricted pattern in embryo-
genesis. Clusters 13R-16R contain genes expressed specifically in the central and pe-
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ripheral nervous system. In contrast to the genes in the broad clusters 4B and 5B that are
also expressed in the nervous system. Clusters 18R and 19R contain genes expressed in
either differentiated somatic muscle or differentiated visceral muscle. Clusters 23R-29R
contain genes expressed in a domain specific manner beginning in the blastoderm stage
embryo and typically continuing in a tissue-specific manner throughout embryogenesis.
We have considered the restricted expression pattern clusters for predicting the over-
represented motifs present in the co-regulated gene set. We applied the methodology for
predicting the enriched motifs discussed in section (2.1.1). In order to check whether
the predicted motifs are novel motifs or matches with already known motifs, we com-
pared the predicted motifs with already know TFBSs by using ‘STAMP‘ program (see
section(2.1.6)). We observed that some of the predicted enriched motifs from the clus-
ters 1R-6R overlaps with the already known TFBSs like“cad“, “hb“, “bin“, which acts
at early embryo development. We predicted 8 enriched motifs from Cluster 7R and
we observed that 2 of the predicted motifs overlaps with the known TFBSs “eve“ and
“cad“. In clusters 9R-12R, the predicted motifs overlaps with the TFBSs “eve“, “Br-
Z3“, “tll“. We summarize the results of the restricted expression gene clusters in Table
(3.2.6-3.2.9).
102
Table 3.2.6. Predicted enriched motifs from clusters 1R-7R.
Cluster Enriched motifs Percentage score Frequency score p-value
1R GCAATTGC 51.16 0.00100 0.00002
ACTTTATT cad 53.49 0.00090 0.00008
2R AACAGCTG 88.89 0.001331 0.00005
3R ATAAGAAA hb 72.00 0.001313 0.00004
TCAAATTT 72.00 0.001177 0.00006
AAATGTTG 72.00 0.001052 0.00003
4R CACTTTTG 61.54 0.002154 0.00001
CCAGCTCC 69.23 0.001899 0.00002
ACTAAATA bin 69.23 0.001865 0.00002
TTCAATTC 61.54 0.001765 0.00004
GTGGTTTT 61.54 0.001679 0.00005
5R AAGTGGCC 50.00 0.000350 0.00943
6R AATAATAA hb 76.36 0.004399 0.00001
ACAATATT 69.09 0.000878 0.00013
TTAATGAT 58.18 0.000702 0.00024
GAAAGTGA 56.36 0.000612 0.00064
7R TTGCTGTT 70.97 0.001119 0.00005
TTTAAAGC eve 74.19 0.000752 0.00061
TGCTTAAA cad 61.29 0.000711 0.00074
ATTGTCAA 61.29 0.000699 0.00092
GTTTGAAA 64.52 0.000678 0.00066
AGTTTTGC 64.52 0.000654 0.00074
TGAAATCT 61.29 0.000639 0.00079
AGTAATTG 61.29 0.000468 0.00094
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Table 3.2.7. Predicted enriched motifs from clusters 8R-10R. The predicted motifs overlap
with known TFBSs are shown in red color.
Cluster Enriched motifs Percentage score Frequency score p-value
8R AATATATT 78.57 0.002215 0.00006
GTATAAAA croc 64.29 0.001150 0.00005
TAAACATT 64.29 0.001128 0.00005
CTCCATTT 57.14 0.001000 0.00004
ACAACATT 57.14 0.000814 0.00045
TCAAAAGT 57.14 0.000636 0.00074
9R CTTTAATT eve 72.00 0.001495 0.00005
AATTATAA 84.00 0.001393 0.00001
GGGAAATT 72.00 0.001284 0.00001
AATGATTT 76.00 0.001203 0.00001
TTAAATGC 72.00 0.001083 0.00002
TAATCAAT 72.00 0.001057 0.00002
AAACAATG 76.00 0.000905 0.00037
CAAGAATA 72.00 0.000656 0.00083
10R ACAAATAT 58.82 0.001105 0.00001
ATGTTTAT 61.76 0.000972 0.00012
AAAACTTA Br-Z3 52.94 0.000905 0.00031
ATCTTTAT 51.47 0.000753 0.00052
CTATTATT 51.47 0.000612 0.00084
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Table 3.2.8. Predicted enriched motifs from clusters 11R-14R. The predicted motifs over-
lap with known TFBSs are shown in red color.
Cluster Enriched motifs Percentage score Frequency score p-value
11R AATGAAAG 80.00 0.001824 0.00004
AAATTAAG tll 73.33 0.001517 0.00001
AAATTGTA 80.00 0.001440 0.00001
TCTTTAAA 80.00 0.001428 0.00001
AATTAACT eve 73.33 0.001392 0.00002
AATGACAT 73.33 0.001370 0.00001
GAATTTAT 86.67 0.001368 0.00001
CTGCGAAA 73.33 0.001138 0.00003
ATAACCAT 73.33 0.000935 0.00091
ATGACATT 73.33 0.000760 0.00045
TATCTGCG 73.33 0.000461 0.00085
12R AATACTAT 88.98 0.001200 0.00003
CAGAAATT 88.98 0.001182 0.00003
13R TGTAAATT bin 68.29 0.000900 0.00012
AGCACTTG tin 60.98 0.000597 0.00069
14R AGGAAAAA 76.92 0.001315 0.00001
GGAAAAAC dl-A 73.08 0.001235 0.00001
AGAAGAAA 73.07 0.001190 0.00001
ACTTCTTT 73.07 0.001170 0.00001
AAAAGGGA 80.77 0.000721 0.00083
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Table 3.2.9. Predicted enriched motifs from clusters 15R-24R. The predicted motifs over-
lap with known TFBSs are shown in red color.
Cluster Enriched motifs Percentage score Frequency score p-value
15R TAATGAGC 55.74 0.000481 0.00098
16R ATTTATGG cad 70.59 0.00139 0.00001
17R TATTAATA 100.00 0.001498 0.00001
TAACTTTT 100.00 0.001302 0.00001
TGAAAACA 100.00 0.001265 0.00001
ATTCTAAT 100.00 0.001106 0.00001
18R GTACATAT cf2 65.00 0.001057 0.00002
TATACACA 50.00 0.000674 0.00053
19R ATAATTCA 60.87 0.000791 0.00013
AGCATAAA cad 65.22 0.000760 0.00053
TATACACA 65.22 0.000704 0.00021
20R CAAAAAGT 73.33 0.001109 0.00001
TCATTAAA eve 60.00 0.001050 0.00002
GCTTCTTC 60.00 0.000915 0.00013
TGCTTGCT 60.00 0.000879 0.00024
TCTGTTTC 60.00 0.000847 0.00024
21R AATGTTTG 81.82 0.001588 0.00001
TGTAATTT tll 81.82 0.001379 0.0001
22R TTCACAAA 51.72 0.000764 0.00041
TGGGATTT 51.72 0.000722 0.00048
TTTCGGAA 51.72 0.000717 0.00049
24R CCACCCAC 71.43 0.000795 0.00056
GGCATTTA 67.35 0.000659 0.00090
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The CRM candidates were identified by clustering of the predicted enriched mo-
tifs (discussed in (2.1.7)). We have also compared the predicted CRMs with already
known CRMs obtained from REDfly database (discussed in section(2.1.7)). We ob-
served that some of the predicted CRMs overlap with experimentally validated CRMs.
The predicted CRM from the cluster 8R (Salivary gland), overlaps with already known
CRM “CG1751-space25prom“ enhancer, which is responsible for the embryonic sali-
vary gland expression pattern. We also observed that the two predicted CRMs from
cluster 7R overlap with the characterized CRMs “cad-+14-construct“ which is respon-
sible for the blastoderm expression and “malpha-PNC“, which is responsible for the
expression in the dorsal mesothoracic disc are the peripheral nervous system. The pre-
dicted CRMs that overlaps with experimentally validated CRMs are shown in table
(3.2.10).
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Table 3.2.10. Predicted CRM candidates overlaps with experimentally validated CRMs.
Cluster Known CRM Expression Terms
7R cad-+14-construct Blastoderm embryo
malpha-PNC Dorsal mesothoracic disc peripheral
nervous system
8R CG1751-spase25prom Embryonic salivary gland
9R 1.28-DRE embryonic maxillary segment
Sgs4-enhancer embryonic salivary gland
13R scrt-sA embryonic ventral nervous system
kni-5-construct blastoderm embryo
15R vvl-dfr-autoregulatory embryonic ventral nervous system
18R Tm1-MA embryonic muscle system
19R ths-Neu4-early blastoderm embryo ectoderm
embryonic-enhancer
22R Six4-D-six4-III-GFP somatic mesoderm embryonic fat body
24R lab-HZ550 embryonic midgut
srp-A7.1EB embryonic fat body
25R btd-RV-2ndB embryonic peripheral nervous system
26R Dor-enhancer embryonic proventriculus
27R twi-dl-mel blastoderm embryo
28R aop-A-lacZ embryonic ventral nervous system
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3.2.7 Experimental validation of predicted CRMs
Once an interesting set of CRMs has been identified by motif discovery, the next logical
step is to interpret the biological role of these sequence features. It may be possible to
associate motifs with specific observable effects like up-regulation or down-regulation
of gene expression in certain experimental conditions. An indirect method of evaluating
candidate CRMs consists of checking whether genes flanking the candidate genomic re-
gions are expressed in Drosophila embryo development and where are they expressed?.
We applied our method in 10 different clusters to identify the common CRMs that reg-
ulate a set of genes. We scanned the predicted CRMs genome wide to identify the
matches of the CRMs. We used the enriched motif set that are predicted from enumer-
ation method to identify the matches of the CRM candidates.
We searched for the matches of enriched motifs in a 500 bp window, regions with
at-least 7 matches were considered as potential CRM candidates. We have considered
both flanking genes to check the expression pattern using the RNA in situ experiment.
In some cases we performed a good prediction as shown in the figure (3.2.8), where
the expression patterns are detected for previously undescribed genes with expression
patterns consistent with the cluster from which the CRM was derived. It is statistically
very unlikely to pick such gene by random because there is very few genes which are
specifically expressed in midline. This result suggests that the method works to some
extent of predicts the pattern. However, it is not perfect because in some cases we
predict a wrong pattern as shown in figure (3.2.9). The experimental result suggests that
some of our predictions are false positive and in order to reduce the false positive rate
we must use sequence conservation to improve our predictions.
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Figure 3.2.8. Expression patterns of the flanking genes of the predicted CRMs determined
by in situ experiment. The cluster number and the expression pattern are indicated in the
left and expression patterns of the previously undescribed genes are shown in the right.
Our prediction matches with the expression patterns.
Figure 3.2.9. Expression patterns of the flanking genes of predicted CRMs. False positive




4.1 Non alignment method for predicting enhancer
regions in multiple Drosophila genomes
A fundamental problem consistently found in recent enhancer detection methods is that
the enhancers are identified with the same information, i.e., the similarity between the
given two sequences and similarity scores output from those methods. In our non-
alignment method for comparing non-coding sequences, we use both similarity and
dissimilarity information to find orthologous region in related species. As a first step, we
identify the orthologs of the flanking genes of a enhancer in related species, the region in
between the orthologous sequences was considered as the potential orthologous control
region. The query sequence (known enhancer region from the D. melanogaster genome)
was scanned against the orthologous control region by sliding window, and in each
step the mixed metric score was computed. The window with the global maximum
mixed metric score was considered as the potential similar enhancer region in related
species. Our results show that the non-alignment method can recover most of the known
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functional cis-regulatory regions in D. melanogaster when the predicted regions are
compared to those of its related species.
The similar enhancer detection analysis was performed on a set of enhancers pre-
dicted by clustering of known TFBSs that act at very early stages of Drosophila de-
velopment to define the anterior-posterior axis of the embryo. For each candidates,
we performed enhancer detection in other non-melanogaster genomes as described in
section (2.2). All positive candidates, with chosen threshold, were identified with sig-
nificant p-value < 0.01, whereas the negative candidates were detected with p-value
> 0.01. This study proposes that the non-alignment method can distinguish the func-
tional CRMs from the non-functional ones, whereas the alignment-based methods does
not as shown in Figure (3.1.4). However, the negative candidates CE8021 and CE8023
were identified with highest significance p-value, which implies that these two candi-
dates are evolutionarily conserved in related species. This leads us to conclude that
these enhancers could play a role in regulating genes along the A/P axis in Drosophila
embryo development.
An indirect method of evaluating candidate CRMs consists of checking whether
genes flanking the candidate genomic regions are expressed in early Drosophila em-
bryo development. Although reporter construct assays provide stronger evidence, cross-
referencing with in situ and literature databases offers a reasonable and rapid first-pass
assessment. For CE8023, enhancer located in upstream region of the gene “Dfd“, we
checked the BDGP in situ images database (Tomancak et al., 2007) for staining during
embryo development. “Dfd“ gene is expressed during the embryo development in a
spatial pattern along A/P axis. This experimental result leads us to propose that CE8023
enhancer could regulate “Dfd“ gene as this enhancer originally identified by clustering
of the known TFs involved in A/P patterning CE8021 located 7 kb upstream of reaper
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gene, the in situ image is not available for this particular gene and it would be interesting
to check the expression pattern of this gene.
We also tested our non-alignment method by applying it to the enhancers that con-
trol the dorsal-ventral pattering of Drosophila embryo development. The results of this
data set clearly shows that our method is able to detect conserved and functional CRMs
in all the species that we studied. When provided with an input of 20 enhancers and the
orthologous control regions from non-melanogaster, our non-alignment method suc-
cessfully identifies the similar region of enhancers. We failed to identify the orthologs
of the enhancers mes5 and twi due to its short length which is less than 250 bp. This
suggests that our non-alignment approach is limited in its ability to discover short en-
hancer regions (> 250bp). The non-alignment approach gives better result as compared
with other alignment-based method as shown in Table (3.1.1). This study proposes and
gives preliminary results in support of a method that identifies CRMs in alignment free
manner.
4.2 Computational discovery of regulatory elements in
Drosophila embryogenesis
We have presented a computational approach for CRM discovery from co-regulated
genes in eukaryotic genomes, which does not require any prior knowledge of the TFs or
their DNA-binding specificities. The main difficulties with in silico CRM predictions
in higher eukaryotes include the increased volume of the sequence search space, with
proximal TFBSs occurring a few kilobases away from the TSSs. Our method handles a
huge amount of sequences as a search space (∼ 100 kbp), it predicts over-represented
motifs from the given gene set. We illustrate here a computational strategy for discov-
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ering enriched and clustered motif patterns in genomic sequences when individual ones
are too weak to provide a distinguishable signal.
Our method discovers over-represented motifs in a set of non-coding sequences of
co-regulated genes using the exhaustive motif enumeration technique. The enumera-
tion method or word-based (string-based) methods are those that rely on counting and
comparing motif frequencies. The word-based enumerative methods guarantee global
optimality and they are appropriate for short motifs and are therefore useful for motif
finding in eukaryotic genomes. The word-based methods can also be very fast and are
a good choice for finding totally constrained motifs where all instances are identical.
The transcriptional regulation in higher organisms depends on the cooperative action
of multiple transcription factors that bind to CRMs located in the neighborhood of the
gene. By integrating multiple signals, CRMs confer an organism specific spatial and
temporal rate of transcription.
Based on the hypothesis that genes that are needed in exactly the same conditions
might share similar regulatory switches, our method finds for a given co-regulated gene
set the best scoring combination of candidate transcription factor binding sites within
a sequence window using clustering procedure. Given a set of predicted enriched mo-
tifs, one can scan genomic DNA sequences and identify potential motif matches. But
because motifs are highly degenerate, the majority of predicted matches are ‘false pos-
itives‘ that have no biological significance. Several strategies have therefore been de-
veloped to reduce the false-positive rate; one approach is to take advantage of the fact
that genes are often regulated by multiple TFs, so potential motifs tend to be clustered
or adjacent to each other (Berman et al., 2002). With the advance of genome sequenc-
ing projects, it has become obvious that comparing genomic sequences across species
- ‘comparative genomics‘ - is a very effective way to identify functionally important
114
DNA sequences.
At first comparative techniques were primarily applied to the coding regions of
genomes, to identify genes or exon-intron boundaries (Batzoglou et al., 2000). More
recently, such evolutionary approaches have become central to the efforts to predict
gene-regulatory sites, and the technique itself in this context has become known as
‘Phylogenetic footprinting‘ (Sinha et al., 2004) (Moses et al., 2004). The reasoning
behind the approach is that, just like coding sequences, regulatory elements are func-
tionally important and are under evolutionary constraint, so they should have evolved
much more slowly than other non-coding sequences. Genome-wide sequence compari-
son and studies on individual genes have confirmed that regulatory elements are indeed
conserved between related species (Hardison, 2000). Thus, if we align the non-coding
regions of orthologous genes from two species that are sufficiently evolutionarily dis-
tant, we should be able to detect the conserved regulatory elements interspersed between
the truly non-functional background sequences. In summary, we considered the conser-
vation of predicted CRMs in the related species to reduce the false positives rate.
A complete set of data on spatial and temporal patterns of gene expression during
Drosophila embryogenesis is currently available. This dataset provides us a rich source
of candidate genes that are expressed in a specific tissue at same time. Clustering pro-
vides gene groupings based on spatio-temporal gene expression, ranging from unique
patterns, through small tightly co-regulated gene sets, to large gene expression classes.
We are interesting to investigate the CRMs that are responsible for initiating common
patterns of gene expression. In these motif detection analysis, we used clusters con-
taining from 30 to 110 genes. There is no methodological constraint on the number of
genes per cluster, so, in principle, one could analyze smaller or larger clusters. The limit
case is to consider each gene separately, and to evaluate whether its non-coding region
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contains over-represented motifs. After having determined co-expressed gene set and
well-defined negative set (Non-expressed genes) for the CRM detection, one would nat-
urally use the non-coding sequences (Upstream, Downstream and Introns) of each genes
as search space. Our motif prediction (Enumeration) method identifies many putative
regulatory elements which to the best of our knowledge are novel (Table 3.2.5-3.2.8).
Many of these predicted motifs are found in upstream of the co-expressed gene set
and are over-represented in the majority of the genes, as shown in Table (3.2.6-3.2.9).
Few of the predicted motifs overlap with already known TFBSs (Aef1, Prd-HD, Br-
z4 and Dref). All our analysis was done using motif specific expected frequency and
percentage scores. As an estimate for these expected frequency, we used frequency ob-
served for each motifs in the set of all non-coding sequences from the whole genome.
This choice is fully justified a posterior by the fact that in all clusters, the highest sig-
nificance indices correspond to functional regulatory elements. Indeed, a very limited
number of motifs are isolated from each cluster, and some of motifs are similar to the
regulatory sequences previously characterized. We illustrate this for the restricted ex-
pression pattern clusters in Table (3.2.6 - 3.2.9), where our method detected the motifs
that overlaps with the known TFBSs (‘cad‘, ‘hb‘, ‘bin‘, ‘eve‘, ‘croc‘, ‘Br-Z3‘, ‘tll‘, ‘tin‘,
and ‘cf2‘), where we show the rank at which the motifs were selected.
We performed a systematic CRM detection analysis of the non-coding regions of
genes expressed during Drosophila embryo development. Some predicted CRMs over-
laps with already known CRMs as shown in Table (3.2.10). A CRM candidate from
the positive set was considered as discovered by our method if at-least 50% of its
length overlapped with already known CRM. The evolutionary conservation of CRMs,
compared with nonfunctional DNA, provides an additional rationale for CRM discov-
ery. The false-positive predictions can be potentially reduced by assessing conserva-
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tion across multiple related genomes. Our non-alignment method allowed us to de-
tect the evolutionary conservation of predicted CRM candidates. The availability of
12 Drosophila species provide us an opportunity to analyze the evolutionary conserva-
tion of functional elements. Multiple closely related genomes shows high conservation
with the reference sequence (D. melanogaster), where as across many genomes span-
ning larger evolutionary distances, only half of the predicted CRM candidates were
conserved.
The conservation information for the predicted CRM candidates from the cluster-8R
(Salivary-gland) is shown in tables (3.2.3) and (3.2.4). An alternate way to test the speci-
ficity of the CRMs is by searching for the matches of CRMs in different cluster (Germ
cell), where the genes in this cluster has different expression pattern. The results ob-
tained from the evolutionary conservation of CRM matches from different cluster show
that the predicted CRM candidates are more specific to the target (Salivary-gland) clus-
ter compared with other cluster (Germ cell) (Figure (3.2.6)). Nearly half of the CRM
candidates were conserved in closely related species (D. erecta, D. yakuba, D. simu-
lans), where as only 6% of the matches were conserved in all 9-species. It is perhaps
expected that these highly conserved CRMs might be regulating the flanking genes. It
will be interesting to investigate the role of these predicted CRMs in Drosophila embryo
development by experimental methods.
4.3 Conclusion
We developed an algorithm that detects over-representated motifs within the non-coding
sequences from a set of co-regulated genes. In most of the co-regulated gene set here an-
alyzed, enumeration method detected the motifs involved in transcriptional regulation.
Several unknown motifs were detected, some of which are present at high significance
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p-value and are good candidates as putative regulatory sites. This does not mean that the
algorithm would detect all kinds of regulatory signals. For instance, the Bicoid binding
site could not be detected due to the fact that they are not properly over-representated.
One can conclude that when a motif is selected as highly over-represented, it is very
likely to correspond to a functional regulatory site, although the opposite is not true.
The main feature of our approach distinguishing it from other approaches is it handles
a huge amount of sequences (∼ 100kbp). The most appealing feature of our motif anal-
ysis is its simplicity. The whole statistical analysis relies on the percentage, frequency
and enrichment score, a direct consequence is the speed of execution. The method is
straightforward (there is no iterative process) and exhaustive (with a single run of the
program, all over-representated patterns of the chosen size are detected).
Our method detects regulatory sites with a highly conserved core regions. Larger
conserved patterns can, however, be reconstituted by the combination of overlapping
motifs. Weak substitutive variations of the core can also be detected by applying the
grouping of motifs. Our motif detection method could be applied to sets of genes for
which regulatory elements are totally unknown. Our motif prediction method offers the
perspective to rapidly identify the candidate motifs that are located in the non-coding
sequences (Upstream, Downstream or in Intron regions). Besides the detection of reg-
ulatory sites in co-regulated genes, our method detects the potential CRMs that are
common to the given co-regulated genes by searching for a fixed window with certain
number of motif matches. The next step will be to validate the predicted CRMs by
checking their evolutionary conservation in related species. Functional CRMs can be
discriminated from the non-functional ones by considering the conservation of CRMs
in related species.
Our non-alignment method identifies conserved CRMs without requiring sequence
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alignment. The most appealing feature of our non-alignment method is, it scores pre-
dicted CRMs based on the similar and dissimilar k-mers between the given two se-
quences. The results obtained with the enhancers involved in A/P patterning of Drosophila
embryo show that the non-alignment method can be used to detect the similar CRMs
in related species, even in distantly related species. Another distinctive feature of our
approach is the use of similarity and dissimilarity scores instead of using only similarity,
as most other programs do (Kantorovitz et al., 2007) and (Sosinsky et al., 2007). Some
care should, however, be taken in the definition of the orthologous control region. While
powerful, our approach has potential limitations. As shown in Table (3.10), the similar
regions of mes5 and twi could not be detected due to its short length (< 250bp). Sim-
ilarly, for mes3, Act and WupA-IRE (as shown in Table 3.11) enhancers were detected
with relatively less significant p-value due to its sequence length.
There are several directions in which our approach can be extended. From a method-
ological standpoint, the approach could be extended to take into account the intergenic
regions from two species, i.e) where the CRM information is totally unknown, and at-
tempt to identify the enhancer. We wanted to extend the current enhancer detection
analysis in this direction, however, we checked the performance of our non-alignment
method in detecting CRMs from given two intergenic sequences from different species
by applying it in the well studied CRMs ‘Eve-stripe-3/7‘ and ‘Eve-stripe-2‘. These two
enhancers are located in the upstream region of ‘Eve‘ gene and were experimentally
validated Eve-stripe-3/7 enhancer defines the stripe 3 and stripe 7 expression pattern,
Eve-stripe-2 enhancer drives the stripe 2 expression pattern during drosophila embryo
development. We scanned the whole intergenic region from D. melangaster that con-
tains both Eve-stripe-3/7 and Eve-stripe-2 enhancers, against the orthologous intergenic
region from D. pseudoobscura genome. During the scanning process, each 500 bp
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window from D. melanogaster searched against the whole intergenic region from D.
pseudoobscura, and we compute mixed metric score for each window.
Figure 4.3.1. Result of scanning intergenic region from D. melanogster against D. psedoob-
scura. X-axis represents the window number in D. melanoagster, Y-axis represents window



















As a result of the scanning process, we obtained mixed metric score profile, where
the mixed metric score of each window from D. melanogaster genome is represented
in the rows and the columns represents D. pseudoobscura. We plotted the mixed metric
score (shown in figure (4.3.1). From the graph (4.3.1) we could see two clear peaks that
stands out from the landscape which coincide with the location of the two enhancers
(Eve-stripe3/7 and Eve-stripe-2). These two enhancers are highly conserved in related
species. The third (smaller) peak located next to these two enhancers coincides with
the core-promoter regions of two species. This study implies that the non-alignment
method works in detecting CRMs de novo from the given two intergenic regions from
two different species without knowledge about enhancer position. However, this method
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need to be tested on other experimentally validated enhancer data set.
It would be interesting to identify functional CRMs from the whole-genome based
on their evolutionary conservation across many related species. The adjacent enhancers
in one species that could be rearranged in related species can also be detected using
our approach, as the approach is independent of enhancer arrangement search. While,
our approach can deal with genomes presenting arbitrary levels of divergence and re-
arrangements, it would be interesting to investigate how the global enhancer region
identification could be used to filter out regions of non-conservation. This approach
would be particularly interesting when analyzing more distantly species where the simi-
lar enhancers is difficult to identify using the general alignment-based methods. Finally,
although our method was used for similar enhancer discovery in Drosophila, it would
be interesting to apply this method to discover regulatory modules in other organisms,
including mammals and other vertebrates.
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Summary
The tissue specific regulation of gene expression in higher eukaryotes is substantially
controlled through the interaction of transcription factors (TFs) and cis -regulatory DNA
sequences. To fully understand a gene’s function it is essential to identify the TFs
that regulate the gene and the corresponding transcription-factor-binding sites (TFBS)
within the DNA sequence. We developed a new enumeration method which find se-
quence motifs (TFBSs) specifically enriched in sets of co-expressed genes. The pre-
dicted motifs often correspond to known TFBS and the predicted motifs cluster together
forming motif-rich cis-regulatory modules (CRMs). The CRMs are generally located
in genomic sequence near to the genes they regulate and contain multiple binding sites
of TFs. Some of the predictions were verified experimentally by searching the whole
genome for the predicted CRMs and establishing expression pattern of the genes that
are associated with these CRMs. In order to improve the prediction, we considered the
conservation of CRMs in related genomes to discriminate the functional CRMs from
those with no function. To that end, we developed a non-alignment method for identi-
fying similar CRMs in related species. We have shown that our non-alignment method
distinguishes functional regulatory modules from non-functional ones. We propose that
the non-alignment method can be used to specifically detect CRM conservation, which
substantially improves our ability to predict expression pattern from sequence. In the
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The term ‘Synteny‘ is used to describe preservation of the precise order of genes on
a chromosome passed down from a common ancestor. The analysis of synteny in the
gene order sense has several applications in genomics. Shared synteny is one of the most
reliable criteria for establishing the orthology of genomic regions in different species.
Patterns of shared synteny or synteny breaks can also be used as characters to infer the
phylogenetic relationships among several species, and even to infer the genome organi-
zation of extinct ancestral species. Synteny among the chromosomes of several species
suggests evolutionary relationships of the genomes and can aid in identifying homolo-
gous genes and non-coding functional elements such as regulatory elements. Genome
scale synteny analysis, the analysis of relative gene-order conservation between species,
can provide key insights into evolutionary chromosomal dynamics, rearrangement rates
between species, and speciation analysis.
With rapid availability of multiple genomes, there is a need for efficient solutions
to aid in comparative syntenic analysis. One of the primary challenges facing multi-
genome syntenic analysis is uncertainty posed by genome assembly data with un-sequenced
gaps and possible assembly errors. The identification of segments of the genome where
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the order of particular genes is conserved between two species (Synteny blocks) is of
interest not only for studying the evolution of chromosome structure, but also for help-
ing to predict and identify pairs of genes between species that are (or are not) orthologs.
Orthologs are sequences of genes that evolved from a common ancestor and can be
traced evolutionarily through different species. An analysis of the disruption of syntenic
blocks between species allowed the identification of fixed inversion breakpoints and
estimates of breakpoint reuse and lineage-specific breakpoint event segregation. The
synteny blocks are found by grouping the conserved regions identified from genomic
alignments. The availability of 12 genomes of various species of genus Drosophila pro-
vides a unique opportunity to analyze genome-scale rearrangements among a group of
closely related species. We analyze the gene-order data from available 9 Drosophila
genomes.
A.1 Syntenic block analysis
There are a number of challenges in dealing with assemblies that have un-sequenced
gaps between contigs or scaffolds. The analysis is typically performed for the genome
assembly of a newly sequenced species with respect to the gene order on the chromo-
some(s) of a reference species. In this study, D. melanogaster was used as the reference
species, given the wealth of annotated data for this genome. Assembly gaps in a newly
sequenced genome might interrupt syntenic blocks with reference to a known gene or-
der and might contain homologs for one or more genes. Gene order can also be shuffled
due to paracentric inversions along chromosome arms that disrupt gene order between
species and breakup or tranlocate syntenic blocks.
In this study, a comparative analysis between D. melanogaster and other non-melanogaster
was performed. We downloaded D. melanogster genome sequence from Flybase database
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(Release 4.3) and other non-melanogaster genomes were downloaded from AAA web-
site. Eliminating D. persimilis, D. sechellia and D. simulans (for assembly quality and
due to representation from other evolutionarily close species), conserved blocks across
nine species were computed. D. melanogaster genome has been completely sequenced,
well studied genome, moreover this genome sequence is available as a single contin-
uous sequence. On the other hand the non-melanogaster genomes are not completely
sequenced and those sequences are available as Scaffolds. We are interested in con-
structing synteny blocks between D. melanogaster and the non-melanogaster species,
and to find the genes covered in 9-species synteny block. In order to order the scaffolds
of the non-melanogaster genome, we extract exons regions from coding sequences of
each gene from D. melanogaster genome. Initial homology assessment was performed
with a tool such as ‘Blastn‘ (Altschul et al., 1990) for each exon. The best hit from blast
result was considered as query sequence and this query sequence was reverse blasted
against D. melanogaster protein database to find reciprocal blast hit as mentioned in
methodology (A.1.1).
Figure A.1.1. Methodology for detecting orthologs of exons in non-melanogaster genomes
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Syntenic blocks were computed as segments of the assembly where orthologs shared
the gene order of the reference species. To allow low levels of scrambling within syn-
tenic blocks, genes in a synteny block were sorted according to the D. melanogaster
order. Gene deletions in one or more species, however, were considered as block bound-
aries.
A.2 Results
In total 52,339 exons were extracted from the reference species (D. melanogaster from
all chromosomes 2L,2R,3L,3R,X,4. The homologous region in other non-melanogaster
genome for each exons were identified by using blastn. The potential homologs were
detected by using different e-values (0.001, 0.01, 1), i.e if the same best hit picked up
from each run with different e-values then the corresponding best hit was considered
as homologous sequence of the exon. The query exon sequence and the correspond-
ing homologous sequences were considered as orthologs, if the same query sequence
picked up as the best hit when the homologous sequence reverse blasted against the D.
melanogaster protein database. The percentage score for each exons in different species
are shown in Table (A.2.1) and Table (A.2.2).
Table A.2.1. Percentage of Exons picks up homologous sequence in non-melanogaster
genomes
Blast e-value D. Sim D. Yak D. Ere D. Ana D. Pse D. Vir D. Moj D. Gri
e=1 96% 99% 99% 94% 93% 90% 90% 89%
e=0.01 94% 98% 97% 88% 85% 77% 76% 76%
e=0.001 93% 97% 97% 87% 83% 76% 74% 75%
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Table A.2.2. Percentage of Exons picks up orthologous sequence in non-melanogaster
genomes
Blast e-value D. Sim D. Yak D. Ere D. Ana D. Pse D. Vir D. Moj D. Gri
e=1 96% 98% 98% 91% 86% 83% 84% 81%
e=0.01 94% 97% 97% 87% 82% 75% 75% 75%
e=0.001 93% 96% 96% 86% 80% 75% 73% 73%
Using the orthology map we started constructing synteny blocks between D. melanogaster
and non-melanogaster species. The number of genes covered in 9-species synteny
block,8,7,6,5,4,3,2 are shown in Figure(A.2.1).
Figure A.2.1. Genes covered in synteny block. Nearly 85% of the genes covered in 9-species
synteny block
A.3 Size of the synteny block and Synteny breaks
The number of genes in the constructed syntenic block ranges from 2 to 22 and the
corresponding meadian length of the blocks ranges from 10,000 to 100,000 bp as shown
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in Figure (A.3.1). We observed three types of synteny breaks. (i) there are breaks in a
continuous scaffold (Sx) when a small fragment from different scaffold (Sy) inserted in
the middle of the scaffold Sx. (ii) The coordinates of the continuous scaffold suddenly
rearranged and it makes a break in the synteny block. (iii) There are breaks in the
block when the two different scaffolds comes next to each other. (i) and (ii) are the
true syntenic breaks, and in the case (iii) we do not know whether it is a synteny break
or sequence error. From the current result, in some cases we can able to distinguish
between synteny break and sequence error and also we greatly reduced the number of
genes that are covered in less than 9-species syntenic block due to missing genes in
some species. The current data provides the orthology map between D. melanogaster
and non-melanogaster species.
Figure A.3.1. Synteny block median length. X-axis represents the number of genes in the
synteny block and y-axis represents the median length of the corresponding synteny block.
A.4 Conclusion
We have identified the orthologs of 85% of genes from the D.melanogaster genome
in other non-melanogaster genome sequences. It is intended to study the macrosyn-
teny, microsynteny and homologous genes between Drosophila species. It can also aid
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with the identification of uncharacterized genes, putative regulatory elements and novel
structural features of a species. In certain genomic regions contain arrays of highly con-
served noncoding elements clustered around developmental regulatory genes. These
sequences are presumed to have cis-regulatory function, and the majority of those al-
ready tested have been shown to act as enhancers in transgenic reporter assays. The
regulatory regions of higher eukaryotes can be located either in the promoter region,
which are located close to and upstream of the gene, or in the distal transcription reg-
ulatory units. These may be located far upstream or downstream of the target gene,
and are much more difficult to recognize. Some times the distal transcription regulatory
units can be located far away from the target gene, it can be located in the non-coding
region of any genes in the synteny block region. Once the syntenic block is known, then
the search space for the regulatory elements can be defined by including the non-coding
regions of all genes in the synteny block. In this way, the distal transcription regulatory
units of the target gene can be detected. These synteny block analysis will provide the
opportunity to study the evolution of Drosophila genomes in more detail.
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